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Abstract

A major challenge in current AI systems is how to deeply integrate visual percep-

tion and language. Many of the tasks we humans face daily, and thus the tasks

we want an AI to solve, involve an intricate mix of diverse signals — ranging

from abstract text to various visual cues. For example, when assembling IKEA

furniture with a friend, we combine instructions ("fasten part A to part B") and

our friend’s verbal suggestions with dozens of visual depictions of furniture parts,

assembly steps as well as the actual physical pieces in front of us.

This thesis investigates whether current vision-and-language models gen-

uinely integrate the two modalities or rely on shallow connections, approaching

this question from three angles: behavioral evaluation, modeling, and inter-

pretability: I introduce a diagnostic benchmark in which models must select the

correct image from a set of minimally different video frames given a contextual

description, testing whether they genuinely reason across both modalities or

rely on shallow shortcuts. I extend this minimal pairs approach to image editing,

curating training data from videos and simulation engines to cover action- and

reasoning-centric edits largely absent from object-centric editing datasets. On

the modeling side, I show that a model trained solely on image generation can

be repurposed as a competitive vision-language understanding model, thereby

bridging the two traditionally separate computer vision paradigms of generation

and understanding. Finally, for interpretability, I study how LLMs represent

visual tokens in their linguistic embedding space, introducing an interpretabil-

ity tool that reveals far more visual tokens reside near interpretable language

representations than prior methods suggest.

Together, these contributions advance our understanding of the deep inte-
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gration of vision and language in current models, from behavioral evaluation and

data to modeling and internal representations. As the field moves toward models

trained from scratch on multimodal generation and reasoning beyond just text

tokens, important questions remain: How do models internally accomplish all

of this, e.g., their mechanisms for cross-modal reasoning and representing visual

and linguistic concepts in the same space?
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Abrégé

L’un des principaux défis des systèmes d’IA actuels consiste à intégrer étroite-

ment la perception visuelle et le langage. Bon nombre de tâches auxquelles

nous, les humains, sommes confrontés au quotidien, et donc celles que nous

souhaitons voir résolues par une IA, impliquent un mélange complexe de sig-

naux divers, allant du texte abstrait à divers indices visuels. Par exemple, lorsque

nous montons des meubles IKEA avec un ami, nous combinons les instructions

(« fixer la pièce A à la pièce B ») et les suggestions verbales de notre ami avec

des dizaines de représentations visuelles des pièces du meuble, des étapes de

montage ainsi que les pièces physiques réelles qui se trouvent devant nous.

Cette thèse examine si les modèles actuels de vision et de langage intègrent

véritablement ces deux modalités ou s’appuient sur des connexions superfi-

cielles, en abordant cette question sous trois angles : l’évaluation comportemen-

tale, la modélisation et l’interprétabilité : Je présente un benchmark diagnos-

tique dans lequel les modèles doivent sélectionner l’image correcte parmi un

ensemble d’images vidéo présentant des différences minimes, à partir d’une

description contextuelle, afin de vérifier s’ils raisonnent véritablement à travers

les deux modalités ou s’ils s’appuient sur des raccourcis superficiels. J’étends

cette approche des paires minimales à l’édition d’images, en sélectionnant des

données d’entraînement issues de vidéos et de moteurs de simulation afin de

couvrir les modifications centrées sur l’action et le raisonnement, largement

absentes des ensembles de données d’édition centrés sur les objets. Du côté de

la modélisation, je montre qu’un modèle entraîné uniquement sur la génération

d’images peut être réutilisé comme un modèle compétitif de compréhension

vision-langage, établissant ainsi un pont entre les deux paradigmes tradition-
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nellement distincts de la vision par ordinateur que sont la génération et la

compréhension. Enfin, en matière d’interprétabilité, j’étudie comment les LLM

représentent les tokens visuels dans leur espace d’embedding linguistique, en

introduisant un outil d’interprétabilité qui révèle que bien plus de tokens visuels

se trouvent à proximité de représentations linguistiques interprétables que ne le

suggèrent les méthodes antérieures.

Ensemble, ces contributions font progresser notre compréhension de

l’intégration profonde de la vision et du langage dans les modèles actuels,

depuis l’évaluation comportementale et les données jusqu’à la modélisation

et les représentations internes. Alors que le domaine évolue vers des modèles

entraînés à partir de zéro sur la génération multimodale et le raisonnement

au-delà des simples tokens textuels, des questions importantes subsistent :

comment les modèles accomplissent-ils tout cela en interne, par exemple, quels

sont leurs mécanismes de raisonnement intermodal et de représentation des

concepts visuels et linguistiques dans le même espace ?
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Contributions to Original Knowledge

This doctoral thesis contributes original advances to the fields of vision-and-

language evaluation, modeling, and interpretability, with the unifying question

of whether AI models deeply integrate vision and language rather than learning

shallow connections between the two modalities.

• Multi-image guessing game benchmark (Chapter 2): We introduce Image-

CoDe, a curated image retrieval benchmark in which models must select

the correct image from a set of minimally contrastive candidates based on a

pragmatically-grounded description, with images sourced from nearby video

frames and 21K descriptions crowdsourced via a two-player reference game.

Evaluation reveals a stark gap between state-of-the-art models, our own

designed models, and humans (22.0% vs. 90.8% on video subset), demon-

strating that vision-and-language models at the time fail to deeply integrate

visual context when language requires pragmatic inference.

• Turning Diffusion Models into Vision-and-Language Reasoners (Chap-

ter 4): We introduce DiffusionITM, a method that transforms any diffusion

model into an image-text matcher by interpreting the noise prediction error

as a score of how similar the given image and caption are. On top of this

zero-shot transformation, we also propose hard-negative finetuning. Diffu-

sionITM enables a fair comparison to discriminative vision-and-language

models such as CLIP on a curated collection of vision-and-language rea-

soning benchmarks. We reach comparable performance with CLIP variants,

v



thus serving as a valuable proof-of-concept for the text-to-image community

that these models are implicitly more than generators.

• Bridging the gap between object-centric and action-centric image edit-

ing (Chapter 3): We introduce the AURORA dataset, a training corpus for

instruction-guided image editing curated from videos and simulation en-

gines to cover action- and reasoning-centric edits severely underrepresented

in existing datasets, alongside AURORA-Bench, an expert-curated evaluation

benchmark covering 8 diverse editing tasks. The resulting model significantly

outperforms prior editing models on action- and reasoning-centric tasks as

judged by human raters, and we identify critical flaws in existing automatic

metrics for semantically complex edits. Overall, we find that physical and

reasoning edits are significantly more difficult than object-centric edits.

• Revealing Highly Interpretable Visual Tokens in LLMs (Chapter 5): We

introduce LatentLens, an interpretability method that compares visual token

representations to contextual LLM embeddings across layers, advancing pre-

vious methods such as Logit Lens to multimodal settings. Contrary to prior

work, LatentLens reveals that the majority of visual tokens have interpretable

nearest neighbors in the LLM embedding space throughout all LLM layers,

providing evidence that LLMs represent visual information in their linguistic

embedding space more systematically than previously understood.

Collectively, these contributions advance our understanding of vision-and-

language integration in AI models: from rigorous diagnostic evaluation, through

data-driven modeling that unifies generation and understanding, to inter-

pretability tools that illuminate how visual and linguistic representations relate

inside modern multimodal models.
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1
Introduction

1.1 Motivation

When we think of human-like Artificial Intelligence (AI) models, we most com-

monly picture a system handling either language or vision input. Designing

models that behave intelligently on a single modality alone is already a major

undertaking. However, when one tries to develop a model with the ability to

seamlessly process and reason about both together, countless new challenges

and scientific questions arise. For example, should we aim for one monolith ar-

chitecture in which both modalities are unified (Team, 2024), or have specialized

modules for text and images separately (Liu et al., 2023)? When do models rely

too much on one of the modalities while ignoring the other (Goyal et al., 2017b)?

And how is a given concept represented inside models, either as part of a visual,

linguistic or multimodal latent space (Goh et al., 2021; Krojer et al., 2026)?

It is not a coincidence that the field of AI has focused on vision and language
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as the two canonical modalities. After all, perception and language are both

foundational and complementary for humans to understand the world around

us (Bisk et al., 2020a). In this thesis, I study the rich connections between the two

modalities, asking: Is an AI model deeply integrating vision and language in its

representations and behavior, or has it merely learned a shallow connection?

Human lives are inherently multimodal, and thus also the tasks we care

about when evaluating AI systems. We reason about and make sense of complex

situations that involve abstract signals, often in the form of language, combined

with perceptual observations. Likewise, we expect a physical AI system like a

robot not only to perceive and interact with objects, but also to follow human

instructions and draw from internet knowledge to solve a task (ichter et al.,

2023). Moreover, we expect a digital agent like a web assistant not only to read

the website’s source code, but also to navigate and interact with the visual layout

of the website and various media such as images and videos (Koh et al., 2024).

Perception and language cover complementary aspects of understanding:

Perceptual understanding spans from recognizing static scenes of objects and

attributes (Krishna et al., 2017) to tracking dynamic events across time (Zellers

et al., 2021), and extends to high-level reasoning about intuitive physics (Riochet

et al., 2022; Spelke and Kinzler, 2007) such as object permanence, affordances,

or cause-and-effect. On the other hand, language is a more abstract medium

of communication (Tomasello, 2010). It enables both humans and AI systems

to efficiently share what we see, hear, and interact with. In particular, language

can act as a symbolic layer over perception, e.g., through taxonomies (Rosch

et al., 1976), metaphors (Lakoff and Johnson, 1980), or explanations (Lombrozo,

2006). Crucially, the meaning of language is not fixed by semantics alone (Heim

and Kratzer, 1998): pragmatics (Clark, 1996; Bisk et al., 2020a) shows that mean-

ing can often depend on a shared perceptual context, thus making language

inseparable from the perceptual grounding it abstracts over.

With such rich and complementary signals from both modalities, one central

challenge of the field of vision-and-language is to design AI systems that deeply
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integrate the two modalities into a single model that exhibits flexible cross-

modal reasoning behavior (Tong et al., 2026; Ray et al., 2026). For example, one

desideratum of such a model would be that certain components (e.g., certain

layers) would reach a modality-agnostic abstract understanding of the world

(Nikankin et al., 2025; Wu et al., 2025; Huh et al., 2024; Devillers et al., 2024),

akin to the semantic hub hypothesis (Patterson et al., 2007) in neuroscience.1

The strongest realization of this goal is the recent paradigm of unified (or native

multimodal) models, usually trained jointly from scratch on both modalities

with no unimodal pretraining stage (Team, 2024; Tong et al., 2026).

Throughout this thesis, I use deep integration in the sense of the following

working definition.

Deep Integration of Vision and Language

A model deeply integrates vision and language to the extent that the two

modalities interact and are shared within it, rather than forming two

loosely connected unimodal systems. This can be characterized along

several axes (Figure 1.1):

• Representational: vision and language occupy a shared, modality-

agnostic space rather than separate subspaces.

• Architectural and training: the modalities attend back and forth, share

weights, and are trained jointly rather than stitched together after sepa-

rate pretraining.

• Behavioral: the model flexibly reasons back and forth across the modal-

ities, and exhibits this on certain benchmarks.

Humans achieve precisely this kind of deep integration, fluidly combining

vision and language to solve various tasks. The premise of my thesis is that while

we want to imbue AI models with this integration too, it is non-trivial to know

1The hypothesis posits that, while different modalities (vision, audio, touch, etc.) have
associated brain regions, they all form a holistic semantic representation in an amodal region of
the brain.
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whether it is present, and if it is, how models implement it. I therefore study this

challenge from three angles, each probing one of the axes above: 1) behavioral

evaluation (the behavioral axis); 2) modeling innovations (the architectural and

training axis); and 3) interpretability (internal evaluation of the representational

axis). Before turning to these contributions, I sketch a brief history of how the

field has approached modality integration, from early visual BERT variants to

recent unified multimodal models.

A short history of integration paradigms. Combining vision and language

is non-trivial, each one with fundamentally different properties and structure:

Vision is input to the model as continuous 2-D or 3-D tokens with no well-

defined atomic units. Language, by contrast, is discrete and symbolic with clean

human-defined units (words, sentences) and structure (grammar). For much

of their history, Computer Vision (CV) and Natural Language Processing (NLP)

were mostly separate fields, and bridging them has been far from straightforward

(Figure 1.1).

A first mainstream convergence of the field arrived with large-scale image-

caption datasets (Lin et al., 2014; Krishna et al., 2017; Sharma et al., 2018) and the

development of BERT (Devlin et al., 2019), giving rise to Vision-Language (VL)

BERT variants (Lu et al., 2019; Chen et al., 2020a; Tan and Bansal, 2019). Unlike

their unimodal predecessors, VL BERTs let both visual and language tokens at-

tend to each other across many attention layers (Bugliarello et al., 2021), making

the cross-modal interaction genuinely bidirectional: text could draw on visual

context, and vision on linguistic context. Yet the widely adopted CLIP-paradigm

highlights that this deep fusion can come at a cost: In order to efficiently ap-

ply contrastive learning on internet-scale data, (Radford et al., 2021a) trades

many layers of cross-attention for a single dot product instead. Soon after, the

unprecedented capabilities of LLMs not only changed the field of NLP (Brown

et al., 2020; Touvron et al., 2023), but also meant it was more practical to extend

LLMs with vision instead of redesigning architectures from scratch as multi-

modal (Alayrac et al., 2022; Liu et al., 2023). These multimodal LLMs connect
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Figure 1.1: A schematic history of modality integration in vision-and-language
models, showing to what extent modeling paradigms deeply integrate vision
and language, considering: a) back-and-forth interactions (e.g., cross-attention
layers), b) joint (pre)-training, c) shared weight space and d) shared objective and
capabilities (e.g., autoregressive generation). We can observe that integration is
not simply monotonically increasing. Note: certain key paradigms such as CLIP
(Radford et al., 2021a) and diffusion-based text-to-image models (Rombach
et al., 2022) are omitted. If included, CLIP would rank lowest while diffusion
models would rank similarly to multimodal LLMs.

a pre-trained visual encoder to an LLM via a small learned connector (Li et al.,

2023b, 2024a; Liu et al., 2023), at the cost of losing the “attention symmetry”

of the visual BERT era. For modality integration, this is a step back: only text

tokens can attend to vision, but vision is not informed by text, and the bulk of

training effort is invested in the unimodal backbones rather than in cross-modal

integration. The field has since moved to question this modular approach, ex-

ploring full joint training on multimodal data rather than connecting largely

frozen unimodal backbones (Tong et al., 2026; Team et al., 2025; Wang et al.,
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2024c). Chameleon (Team, 2024), an early pioneering work in this direction of

unified models, treats both text and image as tokens in a single auto-regressive

sequence, trained jointly from scratch. However, many subsequent models do

not commit to full unification. They differ from strict unification in training

setup (often initializing from pretrained LLM backbones), in objective design

(using separate objectives for visual generation), and in weight sharing (a large

proportion of weights is not shared across modalities) (Deng et al., 2025; Tong

et al., 2026; Serra et al., 2025). The big picture throughout all these paradigms

is that the field has not converged on how deeply vision and language should

be integrated, and whether the paradigm of “full unification” is what we should

aim for.

1.2 Guiding Challenges and Questions for the Thesis

Throughout the historic developments of vision-and-language integration out-

lined above, a few key questions and challenges remain constant. This thesis

focuses on the following three:

The first challenge is to design evaluations that tell us whether vision and

language are genuinely integrated in multimodal models. Across any domain

in AI, models are prone to take shortcuts and flawed benchmarks can fail to

detect this (Geirhos et al., 2020; McCoy et al., 2019). Thus scores which should

ideally indicate genuine vision-and-language understanding can often become

instead misleading and inflated. Especially in vision-and-language tasks, this

is a long-standing problem since models tend to fall back to language priors

while ignoring the visual input (Goyal et al., 2017b; Tong et al., 2024; Hsieh

et al., 2024). Chapter 2 (Krojer et al., 2022) of the thesis addresses this question:

How can we design complex tasks and datasets that avoid shortcut issues and

instead incentivize deep back-and-forth reasoning between perception and

language (i.e., modality integration)? One fruitful evaluation methodology for

measuring genuine understanding is minimal pairs of inputs that vary in small

meaningful aspects: if we vary only one part of the input, will the model change

7



its prediction accordingly? This idea was pioneered in language-only settings

with tasks such as the Winograd Schema Challenge (Levesque et al., 2012),

where minimal pairs are designed to test world knowledge via resolving pronoun

ambiguity. As it became clear that vision-and-language models in particular

are prone to relying on superficial textual cues rather than reasoning over the

visual context, a myriad of minimal pair datasets emerged (Thrush et al., 2022b;

Parcalabescu et al., 2022; Yuksekgonul et al., 2023a; Hsieh et al., 2024), either

for evaluation or training. While most studies curate minimal textual pairs

(Parcalabescu et al., 2022; Hsieh et al., 2024; Yuksekgonul et al., 2023a), these

pairs can still be prone to shortcuts such as “blind” baselines performing above

chance (Hsieh et al., 2024). Thus, in ImageCoDe (Krojer et al., 2022) I focus on

visual minimal pairs: while harder to curate, they fully avoid text-only shortcuts

and test unique vision-centric phenomena. Specifically, Chapter 2 identifies

videos as a natural and rich source of minimal changes and curates nearby video

frames as minimal pairs. As I will also show in Chapter 2, the way ImageCoDe

defines minimal change as the smallest visual change that a human can still

put into words leads to a level of minimal visual differences unmatched by

other related datasets (Thrush et al., 2022b; Awal et al., 2024). Beyond the

design choices for constructing such minimal visual pairs, Chapter 2 also studies

concrete vision-and-language phenomena central to multimodal reasoning

such as spatial reasoning, language-guided zooming and pragmatics. In line

with the thesis theme of deep modality integration, we also study the effect of

increasingly deeper integration of visual context into the model processing, such

as allowing the model to attend to several distractor images at once. Overall,

ImageCoDe remains a challenging test bed even for current vision-and-language

models (see Chapter 6), providing an evaluation that is difficult to saturate via

superficial shortcuts.

A second major challenge is to unify visual generation and understand-

ing in a single vision-and-language model. The above ImageCoDe task was

designed as purely discriminative: given 10 highly similar images and a de-
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scription, select the correct image. In Chapter 3, we target the inverse: Instead

of discriminating minimal changes between images, can we train a model to

generate such changes based on a natural language prompt? To solve this task

of text-conditioned image editing (Brooks et al., 2023), we need to integrate

visual understanding (i.e., how the given image relates to the text prompt) and

visual generation (i.e., generating the requested change) in a single model. This

setup tightly couples a more language-centric skill involving semantics (visual

understanding) with a more vision-centric one involving fine-grained visual de-

tails (visual generation). Curating training data for editing in the form of image

pairs with a single meaningful change is hard (Zhang et al., 2024) and automated

pipelines often introduce noisy pairs with too many changes (Brooks et al., 2023).

Moreover, many studies on image editing focus on simpler static edits that add

or remove objects and change their attributes. In Chapter 3 we instead focus

on edits that require more reasoning about the dynamics of actions and spatial

movement. Similar to ImageCoDe, we draw from videos to curate high-quality

image pairs that depict only a single change, together with human annotations

of that minimal change. AURORA is released as a complete package: training

data, a fine-tuned model, and an evaluation benchmark.

Beyond better evaluation and training data, achieving deeper modality in-

tegration also requires modeling innovations. One long-standing hypothesis is

that unifying visual generation and understanding in a single model could lead

to more integrated representations and reasoning (Yu et al., 2024; Zheng et al.,

2026). Intuitively, generating an image from scratch should discourage shortcut

learning more than simply classifying or ranking one (Geirhos et al., 2020): to

generate a correct scene, a model may need to reason more carefully about how

objects, attributes and the prompt compositionally relate to each other (Andreas

et al., 2016), rather than exploiting surface correlations. In Chapter 4 (Krojer

et al., 2023a), we ask whether a generative model like Stable Diffusion (Rombach

et al., 2022), explicitly trained only on denoising images, can implicitly also act as

an understanding model. With DiffusionITM in Chapter 4, we provide evidence
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that this unification is indeed feasible, re-framing Stable Diffusion to provide a

score to image-text pairs. Re-framing Stable Diffusion to score image-text pairs

turns out to be a meaningful test of understanding: several established vision-

language reasoning benchmarks are naturally cast as image-text matching tasks

(Thrush et al., 2022b; Yuksekgonul et al., 2023a). However, our study also finds

that better generation does not always seem to imply better understanding:

newer and stronger generative models do not consistently outperform discrimi-

native ones on several reasoning benchmarks, echoing a broader philosophical

question: What is the relation between creation and passive understanding

(e.g. discriminating given options)? In humans we intuitively expect creation to

imply an understanding at least as sophisticated as passive understanding of

the content alone (e.g., being able to answer questions about it), exemplified by

Richard Feynman’s famous quote “What I cannot create, I do not understand”.

For example, someone who has written a mathematical proof would have a

deeper understanding of it than someone who can merely follow the proof and

answer questions about it. However in AI it is an open question whether models

can generate content without understanding what they created (dubbed the

Generative AI Paradox; West et al., 2024).

Finally, the third challenge is interpreting how visual and linguistic repre-

sentations relate to each other inside models. The above behavioral studies,

even if done rigorously via diagnostic minimal pair setups, have their limits. No

matter how carefully we design models with multimodal unification in mind

(architecture, objectives, or data), it is a separate question whether they actu-

ally end up as unified internally: even a model trained in the most unified way

possible may still learn to process and represent vision and language separately

(Serra et al., 2025). What does it then mean for a vision-and-language model

to be unified? Chapter 5 contributes to this question by studying the puzzling

situation of why it is so easy to connect a vision encoder to a frozen LLM with

minimal adaptation — and show how visual tokens are regularly mapped close

to interpretable LLM representations. Early work establishes that connecting
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fully frozen vision and language models works well, even with very simple map-

ping networks (Merullo et al., 2023; Lu et al., 2022), and that LLMs implicitly

learn visual priors during text-only pre-training (Han et al., 2025). The Platonic

Representation Hypothesis (Huh et al., 2024) would imply that such alignment

should be easy as it posits that models trained separately on vision and language

respectively may nonetheless converge to similar representations of the under-

lying world. What is still missing, however, is a detailed account of how LLMs

represent visual tokens internally. If a frozen LLM trained only on language

can process visual tokens (treating them from the input layer the same way it

would text tokens) then those tokens should in some sense resemble language

from the very start. For example: are visual tokens mapped to interpretable text

embeddings of the LLM?

Existing work paints a mostly pessimistic picture: modalities occupy largely

separate activation subspaces, with visual tokens forming their own narrow

cone far from language representations (Shukor and Cord, 2024). Moreover,

visual tokens are not known to have interpretable nearest neighbors in the LLM

embedding space (Mokady et al., 2021; Neo et al., 2025), and only in later layers

does interpretation via the LLM unembedding matrix become feasible at all

(Neo et al., 2025). Chapter 5 introduces a new interpretability tool (LatentLens)

showing that past work underestimates how interpretable visual tokens are, i.e.,

how many of them reside close to semantically meaningful LLM representa-

tions. Our key insight is that contextual LLM embeddings are the right source

of potential nearest neighbors. We design a control setup of finetuning only

a simple MLP connector mapping visual tokens into the embedding space of

a frozen LLM (Deitke et al., 2024). Our experiments show that the majority of

visual tokens are judged as interpretable even at the input layer across a total of

fifteen VLMs (our controlled setup & off-the-shelf models). Broadly, LatentLens

is a convincing case study for why interpretability tools, often developed with

LLMs in mind (nostalgebraist, 2020; Elhage et al., 2021), may need to be tailored

to multimodal settings.
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1.3 Thesis outline

This thesis is split into three parts: diagnostic evaluation (Chapter 2), improving

models (Chapters 3 to 4), and interpretability (Chapter 5).

Chapter 2: Image Retrieval from Contextual Descriptions. Chapter 2 intro-

duces ImageCoDe, a benchmark for fine-grained multi-image reasoning that

combines 21K crowdsourced pragmatically-grounded descriptions with sets

of highly similar video frames. To elicit diverse phenomena, we asked pairs

of annotators to play a reference game over near-identical images, naturally

requiring visual search, grounded pragmatics, and multi-image reasoning. We

evaluate a range of models, from CLIP to architectures with deeper cross-modal

fusion such as ViLBERT and UNITER, and also develop model components for

multi-image context integration. My retrospective reflection in Chapter 6 shows

that years later ImageCoDe has still not saturated as a task.

Chapter 3: Learning Action- and Reasoning-Centric Image Editing. Chap-

ter 3 studies text-guided image editing, a task that unifies understanding and

generation: a model must first understand the scene before it can generate the

requested change. It is also the inverse of the minimal pair paradigm: rather than

asking whether a model can discriminate between minimally different images,

we ask whether it can generate one. We introduce the AURORA dataset, curated

from videos and simulation engines to cover action- and reasoning-centric edits

largely absent from existing object-centric datasets for editing. The result was

the strongest physical-action-based editing model at the time of publication.

Chapter 4: Diffusion Models as Zero-Shot Image-Text Matchers. Chapter 4

asks whether a generative model like Stable Diffusion can act as a vision-and-

language understanding model at the same time. We show the feasibility of

this empirically: reframing Stable Diffusion to score image-text pairs on com-

positional reasoning benchmarks unifies competitive image generation and

understanding in a single model. We also address an “asymmetry” between text

retrieval and image retrieval settings via normalization of the score, and propose

a tailored fine-tuning approach.
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Chapter 5: Revealing Highly Interpretable Visual Tokens in LLMs. After

having measured and improved various vision-and-language abilities, the ques-

tion remains: how exactly do models internally accomplish this? Chapter 5 asks

how current multimodal LLMs can process images with minimal additional

training, even when almost all components are kept frozen and only a small con-

necting MLP is trained. We introduce LatentLens, an interpretability tool that

compares visual token representations to contextual LLM embeddings across

LLM layers, and find that visual tokens are far more interpretable than prior work

suggested: the majority of visual tokens have interpretable nearest neighbors in

the language space, throughout all LLM layers.

Chapter 6: Discussion and Future Directions. Chapter 6 reflects on the

contributions of each chapter from the vantage point of 2026, discussing how

each work has been picked up, what subsequent trends it connects to, and what

looks different in hindsight. I then outline future directions, including progress

toward truly unified multimodal models and extending chain-of-thought reason-

ing from text to visual tokens. Across these modeling directions, I discuss how

interpretability can provide insights into how visual and linguistic knowledge

interact and how truly multimodal reasoning might unfold internally.

1.4 Publications

The research presented in this thesis is based on the following peer-reviewed

publications. Chapters are indicated in brackets.

• Benno Krojer, Vaibhav Adlakha, Vibhav Vineet, Yash Goyal, Edoardo Ponti,

Siva Reddy. Image Retrieval from Contextual Descriptions. Annual Meeting

of the Association for Computational Linguistics (ACL), 2022. [Chapter 2]

• Benno Krojer, Dheeraj Vattikonda, Luis Lara, Varun Jampani, Eva Portelance,

Christopher Pal, Siva Reddy. Learning Action and Reasoning-Centric Image

Editing from Videos and Simulation. Conference on Neural Information

Processing Systems (NeurIPS, Spotlight), 2024. [Chapter 3]
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• Benno Krojer, Elinor Poole-Dayan, Vikram Voleti, Christopher Pal, Siva

Reddy. Are Diffusion Models Vision-And-Language Reasoners? Conference

on Neural Information Processing Systems (NeurIPS), 2023. [Chapter 4]

• Benno Krojer, Shravan Nayak, Oscar Mañas, Vaibhav Adlakha, Desmond

Elliott, Siva Reddy, Marius Mosbach. LatentLens: Revealing Highly Inter-

pretable Visual Tokens in LLMs. International Conference on Machine Learn-

ing (ICML), 2026. [Chapter 5]
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for Physical Understanding via Minimal Video Pairs. Transactions on Ma-

chine Learning Research (TMLR), 2025.
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Review, 2026.

• Sara Vera Marjanović, Arkil Patel, Vaibhav Adlakha, Milad Aghajohari,

Parishad BehnamGhader, Mehar Bhatia, Aditi Khandelwal, Austin Kraft,

Benno Krojer, Xing Han Lù, Nicholas Meade, Dongchan Shin, Amirhos-

sein Kazemnejad, Gaurav Kamath, Marius Mosbach, Karolina Stańczak,

Siva Reddy. DeepSeek-R1 Thoughtology: Let’s think about LLM Reasoning.

Transactions of Machine Learning (TMLR), 2025.
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2
Image Retrieval from Contextual

Descriptions

Preface

In Chapter 1, I broadly established that combining perception and language,

e.g., for complex reasoning tasks, is far from trivial. Concretely, it requires com-

positionality on both modalities, decomposing a visual scene into its parts and

the provided language into its sub-meanings; resolving referring expressions to

zoom into certain parts of the visual context; and broadly a shared semantic rep-

resentation space, among others. The contribution of this chapter is measuring

such abilities in vision-and-language models at the time of publication.1 This

is the first of the thesis’s three angles on deep integration (Chapter 1): a purely

behavioral test of whether a model integrates the two modalities, before later

1A secondary contribution is on the modeling and analysis side.
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chapters turn to modeling and internal representations.

What desiderata should we set for a general and hard vision-and-language

benchmark? 1 It should cover a wide range of challenging phenomena at

the intersection of vision and language beyond simple scenes and questions

about single static images. For example, to solve many of the examples a model

should have to reason back-and-forth between complex visual input and text

descriptions. 2 The benchmark should not allow models to latch onto spurious

correlations, e.g. text-only shortcuts. Instead, only models that deeply integrate

vision and language in their representations and reasoning should do well. 3 It

should be hard enough to track progress for several generations of future models

without saturation.

The ImageCoDe task (Krojer et al., 2022), published at ACL 2022, covers these

desiderata in the context of a two-player communication game over a set of ten

minimally different images. To collect the data, we first identify sets of similar

images, then ask one annotator to describe a target image such that a second

annotator can reliably select it from the set. The final dataset comprises 21K

descriptions with more than 90K images. Our setup is closely related to the visual

reference games studied in grounded pragmatics (Andreas and Klein, 2016) and

emergent communication (Lazaridou et al., 2017).

1 The open-ended guessing game naturally elicits diverse vision-language

phenomena without having to explicitly define them. Rather than instructing

annotators to cover specific phenomena such as spatial reasoning or pragmatics,

they emerge from the game: a describer must communicate whatever makes

the target image distinguishable.

2 The task design also rules out simple shortcuts. A model that ignores the

visual input entirely cannot exceed random chance: there is only one description

but ten images to choose from. Conversely, since the target image is drawn

randomly from a set of highly similar candidates sharing salient features, salient

visual features cannot be latched onto either. Models are forced to reason about

the minimal differences between images.
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3 Finally, the task proves genuinely hard. Models at the time, both zero-

shot and fine-tuned directly on ImageCoDe, perform poorly, close to random

chance (10%) on the video split. For example, CLIP (Radford et al., 2021a), even

when finetuned on the training split of ImageCoDe, only reaches 24.3%. When

we design more deeply integrated architectures that allow cross-modal and

cross-frame reasoning at multiple levels, the gains are modest as well.

Our analysis reveals videos are a much richer source of minimal change and

counterfactual pairs than static images: ImageCoDe’s video split is significantly

harder, covering more diverse phenomena and eliciting more detailed descrip-

tions. We similarly leverage videos in the following Chapter 3 to train better

image editing models. We also use the ImageCoDe benchmark in Chapter 4

to evaluate image generation models such as Stable Diffusion. Finally, in the

discussions of Chapter 6, we will discuss whether models released years later,

trained on orders of magnitude more data, fluent at nuanced language under-

standing like pragmatics, and with inherent multi-image reasoning abilities,

perform better.

The Krojer et al. (2022) manuscript follows as originally published.

2.1 Introduction

Natural languages are highly contextual (Fodor, 2001): for a listener, recovering

the speaker’s intended meaning requires integrating information from different

streams, such as grounding in perception (Pecher and Zwaan, 2005), shared

world knowledge, and temporal reasoning (Wilson and Sperber, 1998). These

processes, more generally, fall under the umbrella term of pragmatics (Grice,

1957). Despite recent progress in multimodal systems, it remains unclear to

which extent they can handle settings where context plays a major role, such as

in real-world communication.

To this end, we present a new challenge that requires multimodal models to

leverage context to retrieve images from text. In particular, given a contextual

description and a set of minimally contrastive candidate images, i.e. differing

19



only in some details, the model has to retrieve the target image. In order to dis-

criminate between similar images, human annotators naturally produce highly

nuanced and grammatically complex descriptions. An example of our new chal-

lenging dataset, Image Retrieval from Contextual Descriptions (IMAGECODE), is

shown in Figure 2.1.

(a) Frame 1 (b) Frame 2

(c) Frame 3 (d) Frame 4

Figure 2.1: An example of the new challenge, Image Retrieval from Contextual
Descriptions (IMAGECODE): “The girl in blue is to the left of the girl in the middle

with the purple shoes. The girl in blue is not obscured in any way.” Frames 5–10
are left out for simplicity’s sake. The target image, frame 3, is in green, whereas
the incorrect frames are in red.

During the data collection process, sets of similar images are selected among

static pictures from Open Images (Kuznetsova et al., 2020) and (a larger portion)

among video frames from diverse domains. Including both types of images

allows for diversifying the dataset while representing different degrees of visual

similarity within each set. Next, we crowdsource a contextual description of

a target image (presented together with the rest of the set) that contains only

differences relevant for retrieval. After a filtering phase involving human retriev-

ers, we obtain a large-scale dataset with 94,020 images and 21,202 descriptions
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associated with image sets of size 10.

As a result of this annotation protocol, successfully completing the task

requires models to integrate several kinds of context: i) the image set, as the

descriptions often only make sense in the context of several other images and are

not suitable as stand-alone captions. In fact, aspects of the image that are very

salient and that therefore would normally be emphasized are not useful in our

proposed task. Instead, the focus of our descriptions are fine-grained details that

help discriminate between images (see Figure 2.1); ii) the speaker’s intention.

Due to their high degree of image similarity, contextual descriptions may be

literally true for multiple images; however, once the speaker’s intention is taken

into account, the correct image can be determined by virtue of pragmatics, i.e.

Grice’s maxim of quality 2 (see Figure 2.2, Figure B.3); iii) temporal sequences: for

video frames temporal reasoning is also required to compare different moments

of an unfolding event.

On our new dataset IMAGECODE, we benchmark a series of vision-and-

language models that achieve state-of-the-art performance on other multimodal

tasks, specifically ViLBERT (Lu et al., 2019) and UNITER (Chen et al., 2020b)

as two cross-encoder variants and CLIP as a strong bi-encoder (Radford et al.,

2021b). We report several findings. First, accuracy on static images is vastly

superior than on video frames. Therefore, the degree of similarity among the

candidate images has an overwhelming impact on retrieval performance. Sec-

ond, all state-of-the-art models generally struggle with image retrieval from

contextual descriptions, whereas humans consistently achieve high accuracy.

Hence, we propose model variants capable of better taking context into

account: i) once an image-description pair is encoded, we refine this representa-

tion by attending to the other images in the set; ii) we augment image encodings

with temporal embeddings. Based on our results, models take advantage of this

additional information fruitfully but only to a limited degree.

2Note: While we do not model pragmatics explicitly in our baselines, we find that the IMAGE-
CODE contains many examples suitable for pragmatic modeling
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Because of its challenging nature, due to the minimally contrastive images

and complex descriptions, we believe that IMAGECODE will help make visio-

linguistic models more context-aware and sensitive to fine-grained details.

2.2 Related Work

There is a long tradition of grounding language understanding on single im-

ages, in the form of visual question answering (Goyal et al., 2017b; Hudson

and Manning, 2019), visual dialogue (de Vries et al., 2017; Das et al., 2017), or

visual entailment (Xie et al., 2019). Recently, more and more focus has been

directed to settings where the visual context consists of multiple images, either

conventional static pictures (Vedantam et al., 2017; Hu et al., 2019; Suhr et al.,

2019; Forbes et al., 2019; Hendricks and Nematzadeh, 2021a; Yan et al., 2021;

Hosseinzadeh and Wang, 2021; Bogin et al., 2021; Liu et al., 2021), or video

frames (Jhamtani and Berg-Kirkpatrick, 2018a; Bansal et al., 2020). While many

of these benchmarks involve just two images, COVR (Bogin et al., 2021) and

ISVQA (Bansal et al., 2020) provide more images, similar to our sets of 10 images.

ISVQA and Spot-the-diff (Jhamtani and Berg-Kirkpatrick, 2018a) are most

similar to our dataset, IMAGECODE. ISVQA is based on several video frames

that are synthetic and cover a restricted domain, with short questions for Visual

Question Answering. Spot-the-diff provides two frames from surveillance video

cameras and descriptions of all their differences. IMAGECODE is unique as a) we

cover a wider range of domains; b) we construct image sets that are maximally

similar while being distinguishable through natural language (Section 2.3) and

c) we limit descriptions to relevant differences. This results in (a) diverse, (b)

complex and (c) pragmatically informative descriptions.

We do not claim to explicitly model pragmatics in this paper, i.e. with Ratio-

nal Speech Acts (Goodman and Frank, 2016). Instead we present a dataset that

is naturally suitable for pragmatic reasoning (Andreas and Klein, 2016; Cohn-

Gordon et al., 2018) as a listener has to consider the context, assume a Gricean

speaker and resolve ambiguities resulting from nuanced differences. The rea-
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soning in our task and data collection is therefore also similar to ReferItGame

and subsequent work (Kazemzadeh et al., 2014; Mao et al., 2016) where one

crowdworker generates a referring expressing for an object in a single image and

another worker picks an object based on the expression.

2.3 Data Collection

Our data collection involves two steps with a human describer and retriever.

The describer is given a set of 10 highly similar images S = [I1, I2, ..., I10], one

of them marked as the target image It , and has to write a description D that

clearly distinguishes It from the other distractor images. In the second step,

the retriever is given the same 10 images and the description from the first step

and has to identify the target image based on the description. S and D are only

added to our dataset if the retrieval is successful.

Below, we outline the main stages of data collection: first, the collection

of similar, contrastive images in Section 2.3.1. Then, the crowdsourcing of

contextual descriptions in Section 2.3.2 and validation of the examples via image

retrieval (Section 2.3.3). The final IMAGECODE dataset consists of 94,020 images

(partitioned into 9,402 sets) and 21,202 contextual descriptions (16,594 in the

train split, 2,302 and 2,306 in the validation and test split respectively).

2.3.1 Collecting Similar Images

In the first stage, we collect sets of images that are highly similar but still distin-

guishable from each other by a human. To quantitatively measure the pairwise

similarity of two images, we compute the Euclidean distance between their

encodings extracted from a pre-trained CLIP model (Radford et al., 2021b).3 To

study the effect of different degrees of similarity, further variegate our dataset,

and enable temporal reasoning, we source our candidate images from collec-

tions of static pictures as well as videos, as detailed below.

3We also experimented with ResNet-50 features, but we found CLIP results to be more similar
to that of humans in preliminary experiments.
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Static Pictures. We obtain image sets from one of the largest repositories of

static pictures, the Open Images Dataset V6 (Kuznetsova et al., 2020), containing

1.74M images. For each image, we retrieve the 9 closest images from the training

set based on their CLIP encodings. We then randomly sample 4,845 of these

image sets.

Video Frames. As sources for our video frames, we use i) Video-Storytelling (Li

et al., 2019), covering social events (wedding, birthday, Christmas, camping); ii)

general-domain MSR-VTT (Xu et al., 2016); and iii) YouCook (Das et al., 2013),

covering cooking events. We choose these datasets as they contain publicly

available and general-purpose videos (not specific to downstream tasks). We

retain the original splits for train, validation, and test.

To obtain disjoint sets of 10 similar frames, we first segment the videos into

smaller scenes (also known as shots) via the scene detection functionality of

ffmpeg (Tomar, 2006). Then, for each scene, we add its first frame to the set of

selected images. We then iterate over every following frame and add it to the set

if its pairwise Euclidean distance with each of the previously selected frames

is larger than a threshold.4 Once the set contains 10 images, we reiterate the

procedure for a new set. If the scene ends and the current set contains less than

10 images, the set is discarded.

During this process, we additionally remove frames that i) are too blurry, i.e.

their BRISQUE score (Mittal et al., 2012) is larger than 0.65; or ii) contain too

much text, which is detected with the OCR tool Tesseract (Smith, 2007).5 We use

all of YouCook’s image sets and (due to cost constraints) randomly sample image

sets from Video-Storytelling and MSR-VTT for crowdsourcing (cf. Table 2.1).

We remark that image sets are further filtered at the final stage of annotation

(Section 2.3.3).

4The distance threshold was manually chosen as 0.35 based on qualitative results.
5The rationale of the second criterion is to prevent workers from focusing on the overlaid text

rather than image content.

24



Dataset After §2.3.1 After §2.3.3

MSR-VTT 11,643 8,045
Video-Storytelling 11,459 8,153

YouCook 894 588
Open Images 4,845 4,416

Table 2.1: Number of descriptions from each source of images at different stages
of the annotation process.

2.3.2 Crowdsourcing Contextual Descriptions

After creating sets of highly-similar images in Section 2.3.1, we request annota-

tors from Amazon Mechanical Turk (AMT) to write contextual descriptions for

each target image in a set. Each round, a set of images is presented in random

order for static pictures and respecting temporal order for video frames. This

encourages annotators to take the dynamics of the event into account. We then

(randomly) select 3 target images per set, and ask annotators to produce a de-

scription that discriminates them from the other images in the set. To encourage

pragmatic reasoning, we do not ask for all the differences (just those sufficient

for retrieval) and do not allow explicit mentions of other images (see Figure 2.2).

We select high-quality annotators according to criteria in Section B.2 and assign

partly disjoint sets of annotators to train and test in order to avoid annotator

bias (Geva et al., 2019).6

2.3.3 Human Validation via Image Retrieval

Finally, we validate the annotation crowdsourced in Section 2.3.2 by asking

AMT workers to retrieve the correct target image from a set given its contextual

description. For the final dataset, we retained only the examples that i) were

retrieved successfully in the training set by a single worker or ii) were retrieved

successfully by at least 2 out of 3 workers in the validation and test sets. As a

6For further details on crowdsourcing instructions, analysis of annotator bias and the AMT
interface, please refer to Section B.3 and Section B.4.
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Phenomenon all videos static Example from IMAGECODE Definition

% % %

Context 47.3 57.3 6.6 Figure 2.2
Visual context or
pragmatic inference
required.

Temporal 15.0 18.5 4.1
A smiling boy just begins to

look towards the dog.

Temporal markers
(e.g., after) and verbs
(e.g., starts)

Quantities 48.5 47.7 51.0
There is an equal amount

of yellow and white between

both hands.

—

Spatial Relations 70.5 72.2 65.3
The cloud on top left side of

box only has half of it show-

ing.

—

Negation 17.9 20.7 6.1
The spoon is at the top right

corner, it is not moving any of

the food.

—

Visibility / Occlusion
45.5 54.5 8.6

The flowers the woman in the

teal strapless dress is carrying

are completely obscured by

the man in the black shirt’s

head.

An entity is covered
or partially outside of
the image.

Nuances 26.3 31.6 5.1
There is the slightest of open-

ings to see the end of the

bridge through the obstruc-

tion.

Description
grounded on small
patch of pixels or very
non-salient aspects.

Co-reference 41.5 42.4 38.8
The cloud on top left side of

box only has half of it show-

ing.

—

Meta Properties 12.0 13.9 6.1
Bright shot of a girl and boy

standing up straight. Her eyes

are closed.

Blurriness, bright-
ness, overlays, and
transitions of frames.

Table 2.2: Distribution of challenging phenomena in IMAGECODE based on 200
(or 1000 if underlined) manually annotated examples.

consequence, we filtered out 26.5% of the contextual descriptions generated in

Section 2.3.2. Table 2.1 compares the number of examples retained at each stage

throughout the dataset creation.7
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(a) Frame 1 & Frame 2 (b) Frame 3 (c) Frame 4 & Frame 5

Figure 2.2: An example with description: “No bridesmaid visible at all.”. Visual
context is necessary to identify the correct target image, by cross-referencing the
portions of images with bridesmaids (red boxes).

2.4 Data Analysis

2.4.1 Human Accuracy and Agreement

To quantify the reliability of the process outlined in Section 2.3, we report the

inter-annotator agreement on our final dataset in Table 2.3. We use Krippen-

dorff’s α as a metric (the higher the better), which accounts for incomplete data,

since the number of annotators per example is not fixed. We treat the index of

the target image either as a nominal variable for static images or as an ordinal

variable for video frames. In both cases, we find a high degree of agreement.

Moreover, in Table 2.3, we also report human accuracy– the percentage of times

an annotator retrieved the correct target image from a contextual description

(as described in Section 2.3.3). This provides an upper ceiling for the model

performances (see Section 2.6).

7Again, the set of workers validating train and test sets were partly disjoint to avoid annotator
bias.
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Metric val test

Human Accuracy 90.9 90.8
Krippendorff’s α (nominal) .797 .795
Krippendorff’s α (interval) .872 .869

Table 2.3: Human performance and
inter-annotator agreement on IMAGE-
CODE.

ours NLVR2 Spot-the-diff

Average length 23.3 15.3 10.6
Word types 6,916 6,602 2,282
Average tree depth 5.1 4.8 4.3
Average sentences 1.6 1.0 1.0

Table 2.4: Text statistics of IMAGE-
CODE vs. other vision-and-language
datasets.

2.4.2 Language Statistics

In Table 2.4, we measure a series of statistics of the descriptions collected for

IMAGECODE and compare them with other vision-and-language datasets with

multiple naturalistic images (cf. Section 2.2), such as NLVR2 (Suhr et al., 2019)

and Spot-the-diff (Jhamtani and Berg-Kirkpatrick, 2018b).8 In particular, we

count the average description length, the number of distinct word types, the

average dependency tree depth of each sentence,9 and the average number

of sentences per description. Based on these metrics, we find evidence that

IMAGECODE’s descriptions are longer and more syntactically complex than

in the other datasets. Moreover, they include multiple sentences (11.8% of

examples have 3 or more).

2.4.3 Vision Statistics

By calculating the average pairwise Euclidean distance between CLIP-based

encodings of images in the same set, we find that video frames are more similar

than static pictures – as expected – by a factor of 1.13. Moreover, we find that

descriptions of video frames mention human body parts (72.1%) more often

than static pictures (30.2%). On the other hand, names of colors appear in de-

scriptions of static pictures (61.4%) more frequently than video frames (33.6%).10

8For comparability, we measured the statistics for all the datasets with the same tools.
9We use spaCy (Honnibal and Montani, 2017) as a parser.

10We calculated these percentages based on a list of 171 body parts in English collected by
Tjuka (2021) and a list of colors in English from games4esl.com.
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Thus, annotators resort to different strategies to discriminate between different

types of image sets, focusing on the aspects that vary the most.

2.4.4 Challenging Phenomena

Finally, we identify 9 interesting and challenging phenomena in IMAGECODE

and annotate whether they are present in 200 examples from the validation set.

We provide the definition of each phenomenon, its frequency, and an illustrative

example in Table 2.2. An example for each phenomena is given in Section B.7.

For 4 of these phenomena unique to IMAGECODE, we further annotated 800

examples for the purpose of error analysis in Section 2.6. Inspecting these

examples, we find a high number of cases where the visual context (47.0%) is

required to complete the task. For instance, consider Figure 2.2: the description

“No bridesmaid visible at all.” requires a retriever to resolve the co-references

of the entities in 5 frames. In particular, the body parts of the bridesmaids (red

boxes) visible in frames 2 and 4 would not be identifiable as such without frame

1 and 5, respectively (where they appear with matching dresses and flowers in

their hands). A common example we find in the data are "gradable" scenarios,

i.e. “The person is looking down” might be semantically true for more than one

image but it fits best to the image where the person is looking down the most.

Another group of phenomena characteristic for IMAGECODE originates from

its minimally contrastive setup: annotators might focus on how an event unfolds

over time (temporal context), on what is missing in a specific frame but visible in

the others (negation), on what moved out of frame (visibility / occlusion), or on

small regions and patches of pixels (nuances). Importantly, these phenomena

are less prominent in static pictures than in video frames (cf. Table 2.2).

2.5 Methods

2.5.1 Baselines

In order to assess whether vision-and-language models can retrieve the correct

image from a contextual description on a par with humans, we benchmark
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three state-of-the-art models that represent three main families of multimodal

architectures (Bugliarello et al., 2021; Miech et al., 2021): i) ViLBERT, a cross-

encoder where language and vision streams can interact via cross-attention at

intermediate layers (Lu et al., 2019); ii UNITER, a single-stream encoder where

language and vision tokens are concatenated as inputs and processed with a

single Transformer (Chen et al., 2020b); iii) CLIP, a bi-encoder where language

and vision streams are independent (Radford et al., 2021b). It is worth noting

that ViLBERT and UNITER are more expressive due to their architecture, whereas

CLIP boasts a higher parameter count, is pre-trained on a larger dataset and

uses a contrastive objective.

We evaluate these models under two different regimes: i) zero-shot inference,

where pre-trained models are deployed on the IMAGECODE test set directly;

and ii) fine-tuning, where the models are refined on the full training set before

evaluation. We cast the training objective as binary classification for ViLBERT

and as 10-class classification for CLIP.11 Crucially, in both cases, positive and

negative examples during training are sampled at random independently from

the image set they belong to (see the first column of Figure 2.3). Thus, the visual

context of the other images in a set is only indirectly accessible at inference time,

where the image with the highest probability is predicted.

2.5.2 Integrating Context into Vision-and-Language Models

For the fine-tuning regime, we further investigate some modifications in the

training setup and model architecture that facilitate the integration of visual and

temporal context into the model. First, we use an alternative objective where

all three models are trained on 10-class classification, but the 1 positive and 9

negatives are sourced from the same image set. The consequence of including

positive and negative examples from the same image set in the same mini-batch

is providing a wider visual context. We refer to this variant as +CONTEXTBATCH

(second column of Figure 2.3).

11We found this solution to work better for each model in practice, which is justified by their
different pre-training objectives.
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V&L V&L V&L V&L V&L V&L V&L V&L V&L V&L V&L V&L 

+ + +

CLIP / ViLBERT +Context Batch +Context Module +Temporal Embeddings

"No bridesmaid visible at all."

Transformer Transformer 

"No bridesmaid visible at all." "No bridesmaid visible at all." "No bridesmaid visible at all."

Figure 2.3: Models with increasing levels of context integration: see Section 2.5
for more details. In the figure, we colour visual embeddings in red, text embed-
dings in blue, and positional embeddings in grey. POS is the score for the target
image and NEG for the other candidates. ⊛ represents dot product for CLIP and
element-wise multiplication followed by a linear layer for ViLBERT/UNITER.
⊙ represents element-wise multiplication. For ease of exposition, we show 3
images instead of 10.

This setup only conveys the visual context as a weak signal, since the model

has no chance to directly compare the images in the same set. Hence, we ex-

periment with enhancing the architecture of vision-and-language models with

a mechanism inspired by Bogin et al. (2021). In particular, given an encoder

(CLIP, ViLBERT or UNITER), we obtain the representations of a contextual de-

scription xL ∈R
e (where e is the model hidden size) and of the images in a set

(x(1)
V

, . . . ,x(10)
V

),x(i )
V

∈R
e from their final layer.12 Then, we create a series of multi-

modal embeddings via element-wise multiplication: (xL ⊙x(1)
V

, . . . ,xL ⊙x(10)
V

). Fi-

nally, we feed these to a l -layer Transformer Tf : R10×e →R
10×e to obtain context-

aware multimodal embeddings (Tf(1, . . . ,Tf(10). Since each description–image

pair can now attend on the others in a set, the model can fully exploit the visual

context. We obtain the score for the i -th pair through a linear classifier head

12We use the CLS tokens for UNITER/ViLBERT.
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W ∈R
1×e . The target image is predicted as

argmax
i

softmax[W (Tf(i+(i ))] (2.1)

Note that we add a highway layer from the input to the output of the Transformer.

We label this model variant +CONTEXTMODULE.

Finally, in addition to visual context, we make models aware of the temporal

context too, as shown in the fourth column of Figure 2.3. For video-based ex-

amples only, the multimodal embeddings of each description-image pair are

summed with a learnable positional embedding t ∈R
e that reflects the tempo-

ral order of the frames.13 Thus, (xL ⊙x(1)
V

⊕ t(1), . . . ,xL ⊙x(10)
V

⊕ t(10)). Multimodal

embeddings are then fed to a Transformer as above. We label this variant encap-

sulating both visual and temporal context +TEMPORALEMBEDDINGS.

2.5.3 Experimental Setup

For all CLIP experiments, we use a pre-trained model with the vision backbone

VIT-B/1614. We train the full models with a batch size of 360 examples (i.e., 36

image sets) for CLIP and 150 examples for ViLBERT/UNITER. We perform early

stopping based on the validation accuracy with a maximum of 30 epochs. In

the variants that adopt the base version of a model, we select a learning rate

of 4 ·10−6 for CLIP, 5 ·10−6 for ViLBERT, 4 ·10−5 for ViLBERT+CONTEXTBATCH,

8 ·10−6 for UNITER, and 7 ·10−6 for UNITER++CONTEXTBATCH. We find these

values via hyper-parameter search on the range [10−4,10−7].

For CLIP variants that modify the model architecture, we adopt the following

setup: first, we fine-tune the full model in the +CONTEXTBATCH regime as

detailed above. Afterwards, we freeze the encoder parameters and train the

components responsible for processing the multimodal embeddings, described

in Equation (2.1). More details are provided in Section B.6. For ViLBERT and

UNITER we finetune the whole architecture at the same time.

13In the examples with static pictures, no temporal embedding is added.
14https://github.com/openai/CLIP
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All descriptions in IMAGECODE exceeding the maximum length of the three

models are truncated. Due to their negligible amount, this does not affect

performance significantly.

2.6 Results

In Table 2.5, we report the performance of the models from Section 2.5 for all

the test examples in IMAGECODE as well as for the subsets containing only video

frames or static pictures (see Section B.5 for validation scores). Note that the

random chance baseline has an accuracy of 10%. In what follows, we compare

the results across several dimensions.

Zero-shot vs. fine-tuning. In the zero-shot setting, we observe that CLIP rep-

resentations are surprisingly superior to UNITER/ViLBERT even though CLIP

has separate streams to encode an image and its description. In the simplest

fine-tuning setting (i.e., if negatives are randomly sampled independent of the

image set), we find that overall there is only a small increase in performance

compared to zero-shot inference. This demonstrates that in the regime where

images in the same set do not appear in the same batch during training, models

cannot extrapolate how to leverage the visual context at inference time.

Adding context. For the fine-tuning regime, we observe instead a different

trend once the visual context of the other images in a set is provided during

training (+CONTEXTBATCH): CLIP and UNITER receive a significant boost in

performance (i.e. +14.4% for CLIP), which is particularly accentuated for static

pictures. On the other hand, ViLBERT’s performance remains the same. Stacking

a special module for contextualizing multimodal representations on top of the

encoders (+CONTEXTMODULE), instead, yields gains for ViLBERT compared

to +CONTEXTBATCH, whereas CLIP and UNITER are unaffected (slight drop).

This shows that all models can exploit visual context, but different strategies

(contrastive training or dedicated modules) may be necessary.

Finally, all three models achieve the highest performance when fine-tuned

with both visual and temporal context. Adding temporal positional embed-
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all video static

ZERO-SHOT

CLIP 22.4 15.6 47.8
FINE-TUNING

CLIP 24.3 17.1 51.3
+CONTEXTBATCH 28.4 20.0 60.0

+CONTEXTMODULE 27.7 19.6 58.4
+TEMPORALEMBEDDINGS 29.9 22.0 59.8

ZERO-SHOT

UNITER 19.8 13.6 42.9
FINE-TUNING

UNITER 21.9 14.4 50.1
+CONTEXTBATCH 24.8 17.4 52.8

+CONTEXTMODULE 24.4 16.7 53.0

+TEMPORALEMBEDDINGS 25.7 19.1 50.5

ZERO-SHOT

ViLBERT 19.3 13.5 40.8
FINE-TUNING

ViLBERT 20.9 13.1 49.9

+CONTEXTBATCH 20.9 15.0 42.7
+CONTEXTMODULE 22.3 16.1 45.6

+TEMPORALEMBEDDINGS 24.5 18.0 49.3

Table 2.5: Performance (test accuracy) on IMAGECODE across two training
regimes (zero-shot and fine-tuning), three models (CLIP, UNITER, ViLBERT)
and 4 model variants. We report separate figures for all the examples and two
disjoint subsets: video frames and static pictures.

dings on top of the contextual module (+TEMPORALEMBEDDINGS) yields an

accuracy of 29.9 for CLIP, 25.7 for UNITER and 24.5 for ViLBERT. Crucially, even

the best-performing models lag significantly behind the (micro-averaged) hu-

man accuracy of 90.8 (cf. Table 2.3). Hence, despite some limited ability to

integrate context, models are currently incapable of the fine-grained reasoning

and pragmatic inferences needed to solve IMAGECODE.
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Pre-trained model. Across all model variants and training regimes, CLIP con-

sistently achieves higher accuracy than ViLBERT or UNITER. This implies that

a larger amount of parameters, pre-training examples or the contrastive objec-

tive are more beneficial than ViLBERT’s or UNITER’s more expressive model

architecture. Thus, these results violate the expectations that attention between

vision and language would be more suitable to jointly encode highly nuanced

visual details and descriptions (Miech et al., 2021). Additionally UNITER slightly

outperforms ViLBERT as its single-stream architecture might enable richer cross-

modal interactions.

Video frames vs. static pictures. The highest accuracy on the subset of the

data with video frames (20.9) is far lower than that for static pictures (59.4).

This confirms that videos represent the main challenge in IMAGECODE, both

because of the higher similarity of images in a set and of the particular factors

of variation that help differentiate among them (cf. Section 2.4.3 and examples

in Section B.7). Additionally, model performance on video frames seems to in-

crease more consistently as more context (both visual and temporal) is provided,

whereas there is no clear trend in the case of static pictures.

Error Analysis. On a broad level, we have seen that video frames are much

more challenging for models. Next, to identify more fine-grained causes for the

overall low performance of the vision-and-language models on IMAGECODE,

we compute the Pearson’s correlation between accuracy and a series of possible

explanatory variables. In particular, we find a weak negative correlation with the

number of tokens in the description (r =−0.11) and a weak positive correlation

with the average pair-wise Euclidean distance between CLIP encodings of the

images in a set (r = 0.22), which represents visual similarity.

By focusing on the 1000 annotated examples in Table 2.2 we observe a stark

drop from overall performance on the subset of examples containing nuances,

visibility/occlusion, and negation (Figure 2.4). This confirms insights from Kass-

ner and Schütze (2020) and Hosseini et al. (2021) on the difficulty of modeling

negation in text-only models.

35



Figure 2.4: Performance of different CLIP variants (rows) on subsets of exam-
ples containing phenomena of interest (columns) in 1000 annotated validation
examples. The hue of each cell indicates accuracy.

2.7 Conclusions and Future Work

We created a new challenge, Image Retrieval from Contextual Descriptions

(IMAGECODE), which is designed to evaluate the ability of vision-and-language

models to integrate visual, pragmatic, and temporal context into their predic-

tions. In particular, given a complex and nuanced contextual description, a

model is required to retrieve the corresponding image from a set of highly simi-

lar candidates. We benchmarked state-of-the-art bi-encoder and cross-encoder

models, such as CLIP and ViLBERT. Moreover, we proposed new variants of

these models that are more suitable to solve this task, by augmenting them with
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a module to attend on the other images in a set and temporal embeddings. We

found that IMAGECODE is highly challenging for all variants: even the best model

(28.9) lags behind human performance (90.8) dramatically. Images sourced from

video frames display the largest gap in performance. The most challenging phe-

nomena in IMAGECODE include pragmatics, negation, fine-grained distinctions

between images, and occlusion among others.
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3
Learning Action and

Reasoning-Centric Image Editing

from Videos and Simulations

Preface

In the previous Chapter 2 I have shown what videos can bring to the table, be-

yond static images. And I have shown how, in general, the paradigm of rigorously

curating minimal pairs can be fruitful and lead to high-quality data, isolating the

aspect that we want models to learn or be evaluated on. This chapter also marks

the thesis’s shift from the behavioral evaluation of Chapter 2 to its modeling an-

gle on deep integration. In this chapter, published at NeurIPS 2024 (Krojer et al.,

2024b), we continue with the two themes (video-sourced data and the minimal

pairs paradigm) on the task of text-guided image editing (Brooks et al., 2023): a

38



task that bridges two traditionally separate paradigms in computer vision (visual

understanding and visual generation), requiring a single model to master both.

We observe that existing image editing models are trained on noisy data, i.e., the

source and target images exhibiting more changes than the prompt describes.

We also observe that existing models perform poorly on action and temporal

edits, and the reason is largely a data problem: object and attribute edits can

be learned from static images, but action and reasoning-centric edits require

data from entirely different sources covering physical dynamics, temporality

and spatial reasoning.

To achieve a better and more general-purpose image editing model, we pro-

pose AURORA in this chapter, a minimal change image editing training dataset

that covers all major types of image edits. Crucially, following the minimal pairs

philosophy of ImageCoDe, each training example contains exactly one mean-

ingful visual change, making the supervision signal as precise as possible. By

training on the 289K AURORA examples, we set a new state-of-the-art1 on a

curated benchmark ranging from simpler object edits to complex reasoning and

action edits. Finally, we also critically examine evaluation practices at the time,

revealing that trivial “copy the source image” baselines can hack CLIP-based

metrics.

This chapter studies a task that explicitly requires models to unify visual

understanding and visual generation, while also of course reasoning about the

language prompt. In the next chapter (Chapter 4) we will study if a model solely

trained on visual generation can implicitly also perform visual understanding

tasks.

The Krojer et al. (2024) manuscript follows as originally published.

1at the time of publication in May 2024.
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Figure 3.1: Previous failures on editing skills such as action, movement and
reasoning (measured in AURORA-BENCH) compared to improvements with
AURORA on these more challenging actions.

Input AURORA (Ours) MagicBrush (strongest baseline)

Object / Attribute / Global: Let the horse wear a hat / Make the desktop black / Make it a picnic

✓ ✓

Action / Reasoning: Make her walk away from the table

✓ ✗

Action / Reasoning: Make the shampoo bottle fall down and land horizontally

✓ ✗

Action / Reasoning: Move the mug to the right of the table

✓ ✗

3.1 Introduction

Image editing is a complex task, involving many different skills, from adding/removing

objects, changing colors/textures/styles, to “taking actions”: moving objects,

changing actor positions or even more complex interactions. Tackling all of

these requires fine-grained understanding of how visual scenes are composed

as well as reasoning (e.g. spatial instructions or referring expressions). No

current model can successfully do all of these edits, and most only perform

localized changes involving object addition/removal or attribute edits, following

the “inpainting paradigm” (Zhang et al., 2024; Xie et al., 2023). Others have
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tried to address this issue by introducing more specialized model architectures

which handle different editing subtasks (Couairon et al., 2023; Zhang et al.,

2023a). However, neither of these approaches includes edits requiring more

holistic visual understanding of how humans and objects interact or how

events unfold, such as ‘make the cook cut the apple in half’ or ‘make the dog

jump in the air’ (see Figure 3.1). These more action-centric edits are severely

understudied in the space of instruction-tuned image editing models (Brooks

et al., 2023; Huang et al., 2024); when they are considered, it is done in isolation,

ignoring other image edit subtasks and rigorous semantic evaluation (Souček

et al., 2024; Black et al., 2024). In Section 3.2 we describe a typology of these edit

types and how existing datasets currently fail to address them all.

As we argue in this paper, a major reason for these limitations is the lack

of high-quality data. Finetuning data of object or attribute changes is simpler

to acquire than other forms of edits, since inpainting setups directly leverage

strong object and attribute abilities of txt2img models (Rombach et al., 2022)

for paired-image data generation (Yildirim et al., 2023; Zhang et al., 2024). How-

ever, solving the data scarcity for learning action and reasoning-centric edits

is not as straightforward. We identify videos and simulation engines as the

two most promising sources of data for these edit types. As we discuss in this

paper, we find that previous models trained on “noisy” synthetic image pairs

or video frames lead to poor editing abilities. Here, noisy refers to image pairs

with changes not mentioned in the prompt, i.e. due to shortcomings of the

automatic generation process or inherent properties of videos such as viewpoint

changes and non-meaningful movement. Therefore, our main requirement of

high-quality action and reasoning-centric edit examples is that they be truly

minimal: Edited images which contain one or maximally two semantic changes

described by the prompt, while all other aspects are kept exactly the same. From

a diverse set of video sources and simulation engines, we curate the AURORA

Dataset (Action-Reasoning-Object-Attribute). Via crowd-sourcing and curation

we collect 130K truly-minimal examples from videos and 150K from simula-
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tion engines for instruction-tuned image editing. We describe our dataset and

collection process in Section 3.3.

The few image-text-alignment metrics commonly used in image editing are

based on visual similarity to a groundtruth and in reality turn out to mostly

measure the ability to stay maximally faithful (i.e. copying) to the source image

(Zhang et al., 2024; Fu et al., 2023). Though faithfulness is an important first

step to master, these metrics have almost no correlation with the model’s ability

to generate accurate edits, especially on action and reasoning-centric changes.

Hence, in addition to the training data in AURORA, we introduce AURORA-

BENCH(Section 3.4), a manually annotated benchmark covering 8 editing tasks

on which we collect human judgement (Table 3.2). Inspired by work on image

generation models as discriminators (Krojer et al., 2023b; Li et al., 2023a), we

also describe a novel discriminative metric that assesses understanding and hal-

lucination (Section 3.5.1). To demonstrate the efficacy and quality of AURORA,

we present a state-of-the-art instruction-tuned image editing model, finetuned

on AURORA and evaluated on AURORA-BENCH, which we compare to strong

baselines in a set of experiments in Section 3.5.3.

In summary our contributions are: 1) The creation of AURORA, a new clean

and varied set of image edit pairs for instruction-finetuning that encompasses

more action-centric and reasoning-centric examples. 2) We present a compre-

hensive benchmark covering a variety of edit types; 3) We introduce a novel

more informative metric beyond existing ones; 4) We provide a state-of-the-

art image editing model based on AURORA with well-rounded image editing

capabilities covering object-centric, action-centric, and reasoning-centric edit

abilities.

3.2 Typology of image edits

There are many ways to visually change a given scene (Huang et al., 2024). We

define and focus upon five broad types of changes: object/attribute-centric,

global, action-centric, reasoning-centric, and viewpoint. Some can overlap:
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Table 3.1: AURORA vs. comparable public editing datasets. See details on
all data sets in Section 3.2 and Section 3.3.2, and Section 3.3 for defining truly

minimal change. ✓= skill is covered but to a lesser extent.

Dataset Semantic Quality

(‘Truly Minimal Change’)
Skill Coverage

Obj. / Attr. Global Action Reasoning

InstructPix2Pix Low ✓/ ✓ ✓ X X

HQ-Edit Low ✓/ ✓ ✓ X X

GenHowTo Low - Medium X/ ✓ X ✓ X

MagicBrush High ✓/ ✓ ✓ X X

+ AG-Edit (Ours) High ✓/ ✓ X ✓ ✓

+ Something-Edit (Ours) Medium - High ✓/ ✓ X ✓ ✓

+ Kubric-Edit (Ours) High ✓/ ✓ X ✓ ✓

= AURORA (Ours) High ✓/ ✓ ✓ ✓ ✓

an action might change the attribute of an object, or reasoning can play a role

in any type. Object-centric changes correspond to changes made to a specific

object such as replacing it with another one, changing its attributes like color or

texture, resizing it, or removing it entirely. Global edits change the overall image

such as the background, style or textures. Action-centric changes correspond to

changes that occur as a result of executing an action: changes in configuration

of the objects, state changes of objects (e.g. cutting an apple), or pose change.

Reasoning-centric changes are broadly defined as anything requiring compo-

sitionality or symbolic understanding: spatial, resolving referrring expressions

(“sitting person on the far left”), negation, etc. Finally, viewpoint edits corre-

spond to moving an egocentric camera, zooming in/out, and are the only on

we do not cover in AURORA as they add many additional challenges: First, in

videos in the wild, they exacerbate the already numerous changes; second, ex-

cessive camera movement can unpredictably alter the entire scene, introducing

noise. Section C.3 shows examples for each type.

Coverage in existing data: We characterize four broad sources of image

pairs and prompts, which influence how much certain edit types are covered in
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existing training data (see Table 3.1):

1. Combining existing text-to-image models and LLMs in pipelines to automati-

cally generate similar synthetic images (Brooks et al., 2023; Hui et al., 2024;

Zhang et al., 2023b);

2. Providing humans with an image editing tool on existing images, combined

with in-painting (Zhang et al., 2024), or finding existing Photoshop edits on

the web (Tan et al., 2019);

3. Selecting nearby video frames and captioning the change via human anno-

tators or automatically (Souček et al., 2024; Black et al., 2024; Alzayer et al.,

2024);

4. Using simulation engines to generate pairs by precisely controlling visual

changes with templated language (Michel et al., 2023; Wang et al., 2023a).

InstructPix2Pix (Brooks et al., 2023) introduced the first large-scale

instruction-guided image editing dataset (313K) in a fully synthetic manner,

combining GPT-3 (for prompt generation), Stable Diffusion (Rombach et al.,

2022) and Prompt2Prompt (for increasing similarity of image pairs) (Hertz et al.,

2022). However, this scale comes at the cost of general data quality (see random

samples in Figure C.23): Often Prompt2Prompt either fails to change anything

or changes far more than asked for by the prompt, and in rare cases the prompt

is non-sensical. This synthetic data is sufficient, though not optimal, for global

and object-centric edits. However, action-centric and reasoning-centric edits

either fail in execution or are not represented. Despite using more advanced

models and pipelines, we find similar issues in HQ-Edit (Hui et al., 2024) under

close inspection (see Section C.10). MagicBrush (Zhang et al., 2024) addresses

some of InstructPix2Pix’s shortcomings, mainly the lack of truly minimal edit

pairs, with a rigorous crowdsourcing protocol where humans use the inpainting

feature on the DALL-E 2 (Ramesh et al., 2022) interface. This methodology

produces truly minimal image pairs for object-centric edits (see Table 3.3b).

The inherent limitations of inpainting become apparent with certain attribute
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edits, and it is entirely unsuitable for action and reasoning-centric editing:

Changing the color of a backpack via inpainting would also change its shape,

size or texture. We did not find examples of action or reasoning-centric edits in

MagicBrush (see Section C.10).

The landscape of actions and reasoning editing datasets is sparser: A rel-

evant case is GenHowTo (Souček et al., 2024) which focuses on video frames

that display actions and subsequent state changes in instructional videos. Their

image pairs (and also captions) were chosen automatically, resulting in pairs

that are not always minimally different due to excessive camera changes (Sec-

tion C.10 for random samples). We hypothesize that though GenHowTo may

initially seem better at action-centric edits, like InstructPix2Pix it will tend to

over-edit and not truly comprehend instructions due to training data quality

issues. Reasoning-centric (spatial/geometric reasoning, referrring expressions,

negation etc.) image pairs can be most directly created via simulation engines,

with the hope of Sim2Real transfer. Simulations allows precise control over loca-

tion, color and even orientation (rotation, flipping) of objects. Such reasoning is

rarely covered in other sources: InstructPix2Pix and MagicBrush have almost no

mentions of even the simplest spatial terms such as left” or “right”.

In the next section, we present AURORA which addresses some of the above

shortcomings by using specific video sources and simulation engines to cover

action and reasoning-centric edits in addition to existing quality object-centric

editing data.

3.3 AURORA: A diverse and high quality image edit-

ing dataset

We present AURORA, a balanced dataset covering Action Reasoning, Object and

Attribute edits, comprising a total of 289K training examples, see Figure 3.2 and

Table 3.1 for details and comparison to existing datasets. Section C.10 provides

16 non-cherry picked training samples for all datasets.
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Figure 3.2: Our AURORA dataset covers action, reasoning and object-centric
edits via 4 sub-datasets.

(a) Add a leashed dog to the hydrant

(b) Show his hands on the plate arranging

the food

Figure 3.3: Common failure mode of previous models trained on noisy image
pairs (e.g. InstructPix2Pix and GenHowTo): Their outputs are rarely faithful to
the source image due to its noisy training pairs.

3.3.1 Truly Minimal Visual Change

As surveyed in Section 3.2, many issues in previous datasets, even when they are

large-scale and diverse, can be traced back to the lack of truly minimal image

pairs. Beyond manually inspecting examples in existing dataset, the lack of

faithfulness wrt. the source image and prompt can be observed in generations of

InstructPix2Pix and GenHowTo: In Figure 3.3 models changed the background,

color of the hydrant, etc. and in the case of GenHowTo, we tend to see “letter

artifacts” from its training data (more examples in Section C.9). MagicBrush
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(Zhang et al., 2024) was able to produce much better object-centric edits simply

by fine-tuning InstructPix2Pix on 8.8K truly minimal image pairs. To comple-

ment it, we create a novel (and larger) set of true minimal pairs for action-centric

and reasoning-centric edits. Table 3.1 compares ours to existing datasets.

3.3.2 Creating quality data for action-centric and reasoning-

centric edits

We use two types of sources to construct this new dataset: video and simulation

engines.

Videos cover a wide range of action-centric edits as they are an abundant source

of realistic and diverse state changes (Zellers et al., 2021; Miech et al., 2019; Niu

et al., 2024). However simply taking frames from any video data in the wild (e.g.

YouTube) often leads to noisy data (see Section 3.5.4): the camera moves, too

many things move at once, or the changes are simply not meaningful (i.e. easy

to verbalize). Hence, we create Action-Genome-Edit and Something-Something-

Edit, two new image editing datasets based on carefully selected video frame

minimal pairs. Both datasets use frames from video datasets where humans

were asked to do activities in or around the house through crowdsourcing which

usually represents one action in isolation.

For Action-Genome-Edit, we select frame pairs that had a CLIP cosine dis-

tance between 0.1 and 0.4, resulting in 15K pairs (thus filtering out many pairs

with camera movement). Since no automatically generated instructions could

reliably describe the changes, we tightly work with crowdworkers (Section C.4) to

produce accurate edit instructions, with extensive quality screening and commu-

nication. Crucially, we ensured that workers discarded examples where a) there

were too many or few changes, b) the changes were hard or lenghty to verbalize,

or c) the camera moved (even if slightly) or the image quality was poor. After

discarding 4K examples, the final Action-Genome-Edit dataset consists of 11K

examples. For Something-Something-Edit we started from the original Some-

thing Something dataset (Goyal et al., 2017a) which consists of 221K short clips
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where humans perform pre-defined basic actions such as “Attaching a string to a

balloon”, “Folding a cloth”, “Lifting a book with a pencil on it”, etc. Since the first

and last frame of the short clips usually depict the start and end of the action, we

selected them as our source and target images. We manually identify 10-15 cat-

egories of labels that don’t lead to useful changes (e.g. ”Pretending to...“ where

the person does not actually perform the action) and filter those out. The results

is a set of 119K minimal frame pairs with high-quality simple edit instructions.

Simulation engines To perform action and reasoning-centric editing a model

has to master spatial and relational reasoning, geometry, and simple movement.

While videos provide some signal for learning these skills, a realistic simulation

engine (Greff et al., 2022) offers full control over the arrangement and movement

of objects. To teach this basic reasoning, we create Kubric-Edit.

Kubric-Edit contains 150K training examples which span three reasoning-

centric edit skills – location changes, rotation changes, and count changes –

and one object-centric edit skill – attribute changes. We build on top of (Wang

et al., 2023a) who created 6K Kubric image pairs for contrastive image-text-

matching, by defining more types of change and significantly extending the

dataset. We manually filter and name more than 213 realistic objects from

Google Scanned Objects, define templates for the edit instructions and ensure

more truly minimal change. We cover actions such as move, turn, swap, flip

upside down, add/remove, spatial configurations such as left, right, up, down,

rotation, and attributes such as size, shape or color. More details are presented

in Section C.5.

Thus, the AURORA dataset consists of four carefully selected sub-datasets

coming from three sources: MagicBrush (Zhang et al., 2024) (humans equipped

with an editing tool on MS-COCO), Action-Genome Edit and Something-

Something-Edit (nearby video frames with collected high-quality human cap-

tions or filtered previous labels respectively), and Kubric-Edit (from the realistic

simulation engine Kubric). In Section 3.5.3 we finetune InstructPix2Pix (Brooks

et al., 2023) on our new dataset and thoroughly evaluate its performance across
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all types of edits. Note: Before collecting new data, we naturally tried to re-use

existing datasets of visual change but found them inadequate for varying reasons

described in Section C.13.1.

3.4 AURORA-BENCH: A holistic editing benchmark

To holistically assess the editing abilities defined in Section 3.2 (object/attribute,

global, action, reasoning, excluding viewpoint), we manually create a set of

400 image-edit-instruction pairs from 8 sources: AURORA-BENCH. See Fig-

ure 3.4(a) for an example of each one. We ensure that AURORA-BENCH al-

lows studying out-of-distribution (OOD) transfer when a model is trained on

AURORA, e.g. Sim2Real transfer from Kubric-Edit to real-world (spatial) reason-

ing or action edits outside of Action-Genome-Edit or Something-Something-Edit.

Each of the 8 tasks contains 50 examples of image-prompt pairs that were either

directly written by the authors or manually inspected for quality.

We cover object/attribute-centric edits with MagicBrush examples, action

edits with Action-Genome-Edit, Something-Something-Edit and Epic-Kitchen

(Damen et al., 2018) (OOD), reasoning-centric edits with Kubric-Edit, CLEVR

(Park et al., 2019) (OOD) and WhatsUp (Kamath et al., 2023) (OOD); and Emu-

Global covers global edits by sampling certain categories from (Sheynin et al.,

2023). MagicBrush, Action-Genome-Edit, Something-Something-Edit and

Kubric-Edit are introduced in the previous Section 3.3.2. We manually select

Epic Kitchen frames and write prompts to study OOD generalization of action

understanding since the egocentric scenes and actions are quite different from

the other two action-centric subtasks. To assess transfer from our Kubric simu-

lation data, we leverage the real-world diagnostic data in WhatsUp for spatial

reasoning, and OOD CLEVR images for testing spatial reasoning in addition to

complex referring expressions.
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3.5 Evaluation

We begin by introducing the metrics we use on AURORA-BENCH. Image-editing

(and thus its evaluation) can be framed as a two step process: First, given an

image-prompt pair, a model must understand how they relate to each other, for

example by grounding phrases in the image. This is closely related to traditional

vision-and-language understanding. Second, the model must perform the

required edits by generating a new image, while being faithful to the original

image. Previous work evaluates this second step – the final generation, which we

also adopt as our primary judgement. However much insight can be gained from

assessing understanding or discrimination abilities of editing models present in

the first step. Our second evaluation proposes a new metric that tries to measure

just that.

Have a squirrel be
looking at the vase

MagicBrush

Make her close
the door

Action-
Genome-Edit

Make the remote
fall down

Something-
Something-Edit

Pour the contents from the
blue bowl into the pot

Epic
Kitchen

Move the dragonfruit
under the table

WhatsUp

Move the pencil case
further to the left

Kubric-
Edit CLEVR

Move the large purple metal ball
to the left of the yellow cube

Make it seem like a
picnic in a park

Emu-
Global

(a) AROA-Bench: Examples from our
new expert-curated benchmark covering
4 editing skills (object-centric, action-
centric, reasoning, global)

Nochange
Prompt:

Make the shampoo
stand vertically

src
L2(src,gennochange)

Change Prompt:
Make the

shampoo fall
horizontally

gennochange

genchange

< ✅
L2(src,genchange)

(b) DiscEdit metric: The left prompt de-
scribes the source: no change needed.
The right prompt is a ”normal edit“, re-
quiring a change.

3.5.1 Evaluation of final generations

Existing metrics: There currently exist a series of visual similarity metrics – L1,

L2, CLIP-score, DINO-score – which are commonly used to evaluate the similar-

ity of output edit compared to groundtruth images (Zhang et al., 2024; Fu et al.,

2023). The effectiveness of these metrics has not been formally justified for im-

age editing, i.e. with human judgement correlations. We hypothesize that these

metrics mostly reward models for copying information from the source image,
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rather than accurate editing. This hypothesis is confirmed using a trivial baseline,

simply copying the source image as its output. This copying model outperforms

all existing models on these metrics, see Table 3.3b. For instance, using human

judgements of MagicBrush and AURORA outputs on MagicBrush test examples,

we find a very weak correlation of 0.098 (using C LI P−I score), also shown in (Ku

et al., 2024). Though faithfulness to the input is an important component of edit-

ing, so is actually modifying the image aligned with the prompt. These metrics

also assume hard-to-obtain clean groundtruth images– without them meaning-

ful automatic evaluation is even harder. Finally, since many automatic metrics

rely on standard vision encoders (e.g. CLIP (Radford et al., 2021b)) trained on

static images (no video data) and known to be weak reasoners (Yuksekgonul et al.,

2023b), they are not suitable for our study. When we compute human correlation

on WhatsUp examples (spatial reasoning), with clean groundtruth images, it

drops to zero. In summary, these metrics might detect a model that struggles

with faithfulness to the source image such as InstructPix2Pix (see Figure 3.3),

but are not helpful for comparing the semantic accuracy of stronger models.

Human judgment of edited images: With the insight that automatic visual

similarity metrics are only a weak signal, we primarily rely on human judgment

of model outputs on AURORA-BENCH: We ask humans to rate the absolute

edit success (0=none, 50=partial, 100=full) as well as comparison (i.e. win-rates)

between different models. We focus on the former in our main results as it

allows us to compare task difficulty. We ensure that evaluators (we pick the

best three evaluators from crowd-sourcing AURORA) pay most attention to the

correct (semantic) interpretation of the edit prompts 2. Section C.4.2 describes

guidelines, compensation and extensive communication with crowdworkers.

3.5.2 DiscEdit: discriminative evaluation of image editing

We propose an additional automatic metric DiscEdit applicable to AURORA-

BENCH examples. Unlike Section 3.5.1 above which considered the overall

2Inspections show high-quality ratings; inter-annotator agreement is a Fleiss-Kappa score of
0.626
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accuracy of generated edits, this evaluation serves as a diagnostic test for de-

termining whether models truly understand how prompts relate to the input

image, or can abstain from editing.

Inspired by text-to-image models repurposed as discriminators (Krojer et al.,

2023b; Li et al., 2023a), models are given an image and two minimally different

edit instructions tnochang e and tchang e . While tnochang e requires little to no

change to the source image, tchang e requires models to perform significant

changes. An example of such a test pair is given in Figure 3.4(b). Thus, we expect

the similarity between the first generated image inochang e and the source image

isr c to be higher than the similarity between the second generated image ichang e

and the source image isr c , which we measure as a L2 distance in the latent space

of the diffusion model (written Enc(i )):

ScoreDiscEdit =







1 if ∥Enc(isrc)−Enc(ipos)∥2 < ∥Enc(isrc)−Enc(ineg)∥2

0 otherwise

The intuition behind DiscEdit is that edits should be proportional to those

described in the prompt – in other words, models should not change images

more than required, nor should they produce fewer edits than requested in

instructions. This metric therefore tests how much models are following or

‘understanding’ what instructions require. On the flip side, it also quantifies a

form of hallucination: Changing things even when no change is required. Since

it is not possible to find a “no-change” prompt tnochang e for all kinds of prompts,

we select a subset of source-prompt pairs (isr c , tchang e ) from AROA-Bench and

manually define a no-change prompt tnochang e . Section C.8 contains details on

the data creation process and implementation of DiscEdit. A DiscEdit score of 0

or 1 is interpretable, and the metric does not require costly groundtruth target

images. While it might seem far-fetched to expect the model to recognize when a

scene does not need to be changed, we note that it is relevant in scenarios where

image editing is a component of generative simulators (Yang et al., 2024b).
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Table 3.2: Human Judgment of semantic editing success on AURORA-BENCH

tasks. Humans were asked to rate the edit success from none (0), partial (50) to
full (100). Extended table in Section C.7. Overall score is “balanced”: we average
each skill first, and then take the average of those 4 numbers. Note: Our model
was trained on more of the datasets than e.g. Magicbrush, so some of them are
more IID for our model.

Obj./Attr. Action, Human-Object-Interaction Reasoning Global

Model Magic

Brush

Action-

Genome

Something

Something

Epic

Kitchen
WhatsUp Kubric CLEVR

Emu-

Global

Overall

Score

GenHowTo 18.0 8.0 8.7 17.7 4.3 0.7 2.0 11.3 10.8
MGIE 36.0 7.0 11.3 5.0 6.0 6.7 16.0 36.5 22.5
InstructPix2Pix 31.3 13.3 12.3 4.3 0.7 5.7 14.7 33.7 20.5
MagicBrush 61.7 16.3 17.0 12.0 3.0 9.3 22.0 42.3 32.6
AURORA (Ours) 60.5 35.6 31.8 14.2 27.3 59.6 46.1 33.0 41.3

3.5.3 Results

We compare against the strongest general editing models at the time, as well as

GenHowTo trained on nearby video frames (Souček et al., 2024). See Section 3.2

for details on their training data. We train our own AURORA model with the

InstructPix2Pix architecture on the AURORA dataset and mix all four sources

such that each dataset is equally likely to be sampled during training, and take a

checkpoint that was first pretrained on InstructPix2Pix and then MagicBrush

(more details: Section C.6).

Human Judgement Table 3.2 summarizes our results on AURORA-BENCH

evaluated via human judgement of successful adherence to the prompt and

source image (0=none, 50=partial, 100=full). Most notably, our model signifi-

cantly improves on the challenging action and reasoning-centric edits. How-

ever, action edits on complex real world images remain a challenge, while we

see stronger numbers on “simpler” reasoning. At the same time, AURORA

maintains strong performance on the diverse and well-established MagicBrush

test set, leading to a high Overall Score. Finally, we observe generalization from

training on simulation to CLEVR, and notably WhatsUp, a real-world spatial

reasoning task.
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Table 3.3: Automatic Evaluation: DiscEdit (left) and issues with existing auto-
matic metrics (right)

(a) Discrimination performance with DiscEdit (comparing the two strongest models
from Table 3.2). We show binary accuracy (50% random chance). Details: we average
each example over 4 noise samples for the denoising process (Section C.8)

Model WhatsUp Something AG Kubric CLEVR

MagicBrush 0.472 0.371 0.477 0.392 0.400
AURORA 0.565 0.548 0.583 0.592 0.450

(b) Automatic visual similarity metrics on MagicBrush test: Naively copying (!) the input
is ranked better than the MagicBrush model for which this is IID (see Section 3.5.1).

Model L1↓ / L2↓ DINO↑ CLIP-I↑

InstructPix 0.112 / 0.037 0.746 0.8538
MagicBrush 0.072 / 0.025 0.865 0.915
Naive Copy 0.036 / 0.015 0.917 0.943

DiscEdit Table 3.3a shows results with the DiscEdit metric on AURORA-

BENCH examples. Discriminating between minmal prompts that either require

a change or no change, proves to be a hard task: With AURORA, performance is

slightly above random on most tasks except CLEVR. Performance of the Mag-

icBrush model is even below random chance. We investigate this surprising

result but could not find any pattern. Thus, we can only hypothesize that the

wording of ”no-change“ prompts might be more unusual, and hence lead to

hallucination behaviour (example outputs in Section C.9.2). We also find several

encouraging qualitative results from our model (Figure 3.4(b)).

3.5.4 Ablations and qualitative analysis

Can we quantify Sim2Real transfer? AURORA contains many simulated exam-

ples featuring spatial reasoning. To quantify the transfer to spatial reasoning on

real images, we train a model on AURORA minus Kubric and manually rate the

outputs on the WhatsUp examples from AURORA-BENCH: A win-rate of 46% for

the full AURORA model, while without Kubric only a single win (2%) is found 3.

3The rest are ties where both fully fail.
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We also find that training on truly minimal Kubric examples ”stabilizes“ training:

Without it, the model hallucinates more un-needed changes and artifacts (e.g.

adding people).

EditDAAM: We adopt DAAM (Diffusion Attentive Attribution Maps) (Tang

et al., 2023) for qualitatively studying the attention maps of our editing model

but study patterns across U-Net layers, grouping them into Down, Middle and

Upper layers. We intuit that image understanding happens in earlier layers and

the final generation in later layers. Since our model has seen more movement-

based and spatial edits in training compared to MagicBrush, we hypothesize

that this is reflected in its attention patterns. We illustrate these attention maps

in Figure 3.5 of the Appendix. Compared to MagicBrush, AURORA pays at-

tention to a broader area starting in the middle layers of the U-Net, possibly

since movement requires "scouting" the space where placing a new object is

reasonable. In the upper layers it narrows down on precise object placement.

Details in Section C.11.

Figure 3.5: Prompt: Put the white porcelain ramekin on the right hand of the

brown shoe. We show attention maps for three levels of U-Net layers: Down,
Middle, Upper.
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Common verb and nouns in AURORA vs. MS-COCO: We investigate if the

distribution of verbs between broad generic VL captioning datasets and datasets

tailored for action-editing differs significantly. A lot of edits have generic verbs

like "move", which is nonetheless often still a complex task: "Move the cup closer

to the plate" is a very different move than "Move the hand closer to their hair",

where the exact action required is implicit in the scene/affordances/angles

and not reflected in the textual "move". This is inherent to the editing task

itself where captions tend to be shorter than traditional caption datasets, often

with simpler verbs "make OBJECT ATTRIBUTE" (make the horse darker) or

"replace/add OBJECT". So another interesting comparison is the distribution

of verbs in traditional (object/attribute) editing vs. our focus on action editing.

Finally, we note that a lot of complexity in our data comes from other linguistic

constituents such as prepositions or adjectives/adverbs, e.g. "Move the hand

slightly closer under the table with the finger pointing upward" where [slightly,

closer, under, upward] are all interesting to understand but not verbs. To study

the frequency differences to established caption datasets, we visualize the verb

and noun distribution in MS-COCO, AURORA as well as the four subsets of

AURORA. See Section C.12 for detailed frequencies and figures. Overall, the

verbs are less diverse but as described above a lot of the complexity comes from

other textual or visual aspects. On top, the verbs are quite different to COCO and

notably also quite different to more established object/attribute-centric editing

such as MagicBrush. Also note that while "make" is a very frequent verb, it can

often be accompanied with one of the other verbs like "make the person stand

up".

3.6 Conclusion and Future Work

Edits that require an understanding of real-world dynamics (e.g. actions) and

reasoning are hard, especially compared to progress on more established editing

subtasks. We hope that our contributions – from diverse high-quality train-

ing data with AURORA, to rigorous evaluation with AURORA-BENCH and a
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new state-of-the-art model– will pave the road for further progress on building

truly general image editing models. Understanding how to improve action and

reasoning-centric editing also relates to a more fundamental problem: world

modelling, i.e. predicting the next observation after taking an action on the cur-

rent one. This form of image editing can be seen as one-step controllable video

generation, which in turn can be used as a generative world-simulator (Yang

et al., 2024b; Xiang et al., 2024; Zhou et al., 2024). For example, both editing or

video generation can “simulate” how a visual scene would change when a robot

executes an action (Yang et al., 2024b; Black et al., 2024). Though, our results

show that we are still far from achieving broad world models - see Section C.2.1

for a deeper discussion on limitations – our work is a step in that direction. It has

the potential to not only enable better editing tools, but also to replace narrow

rule-based simulators with generative ones for “limitless” interactive training

data. It is an open question for future work whether one-step editing is the

right paradigm or if generating the whole trajectory from source to target image

(video generation) is needed to master the edits we study in this paper.
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4
Are Diffusion Models

Vision-And-Language Reasoners?

Preface

The previous Chapters 2 and 3 focused primarily on data- and analysis-centric

contributions, highlighting various phenomena at the intersection of vision

and language as well as failure modes of our models and evaluation practices.

This chapter contributes primarily a new modeling methodology, DiffusionITM

(Krojer et al., 2023a), published at NeurIPS 2023.

Continuing the thesis’s modeling angle on deep integration from Chapter 3,

but now asking whether such integration can emerge rather than be trained

for explicitly, the central research question of this chapter directly asks how a

vision model only trained to generate images can also function as an under-

standing model (unifying vision-and-language generation and understanding).
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Our starting point was that text-conditioned image generation models around

the time of publication (Rombach et al., 2022) had shown immense qualitative

success using denoising diffusion processes. This led us to ask: does generat-

ing such images require understanding them? However, unlike discriminative

vision-and-language models, it is non-trivial to subject these generative mod-

els to fine-grained quantitative evaluation of high-level phenomena such as

compositionality, as opposed to, e.g., manually labeling model generations.

We address this by introducing DiffusionITM, which repurposes a diffusion

model as an image-text matcher. The underlying intuition is that a model trained

to predict the noise added to an image should find denoising easier when the

conditioning text semantically matches the image, and harder when it does

not, making the denoising error a natural matching signal. While this naive

score already works well for text retrieval tasks, we further show that it needs a

correction to work reliably for image retrieval, and that our proposed fine-tuning

on hard negative pairs additionally improves both discriminative performance

and generation quality.

Together with concurrent work at the time (Li et al., 2023a; Clark and Jaini,

2023), this study finally allowed us to quantitatively evaluate impressive image

generation models via the same evaluation paradigm as established vision-and-

language understanding models such as CLIP (Radford et al., 2021a). Across

diverse benchmarks, often requiring multimodal reasoning, we find that Dif-

fusionITM and CLIP are on par. Later studies have raised broader questions

around the relation between generation and understanding (West et al., 2024),

often questioning human intuitions that creation should imply understanding.

The Krojer et al. (2023) manuscript follows as originally published.
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4.1 Introduction

Figure 4.1: DiffusionITM allows us to apply a diffusion model to any image-

text-matching task. It overcomes the asymmetry between image and text re-
trieval that previously led to random performance on image retrieval via un-
conditional normalization: An image is selected based on the lowest noise
prediction error when conditioned on the text (upper part of figure) which is
normalized by the noise prediction error without text-conditioning (lower part).
With this general method the image generation community can benchmark their
models on complex vision-and-language tasks such as Winoground (Thrush
et al., 2022a) or ImageCoDe (Krojer et al., 2022).

Text-to-image generation is rapidly advancing. Generated images are not only

highly realistic in various styles, but also reflect the compositional structure of

open-ended text prompts (Chang et al., 2023; Saharia et al., 2022; Li et al., 2022b).

In this work, we evaluate language-conditioned generative image models on

discriminative tasks to shed light on their fine-grained understanding of vision

and language. A generative objective trains a model to understand how various

objects and parts compose together, and often brings non-trivial emergent

capabilities with it such as latent interpolation of composite concepts (Brock

et al., 2019; Rombach et al., 2022). On the other hand, discriminative vision-

and-language models need only focus on the minimal information required to

solve their discriminative task, which could often be spurious correlations that
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don’t generalize (Agrawal et al., 2016). Such erroneous understanding is then

exposed downstream on image-text matching tasks purposefully designed to

catch it, such as image/text retrieval using Winoground (Thrush et al., 2022a),

ARO (Yuksekgonul et al., 2023b), or ImageCoDe (Krojer et al., 2022). Following

these benchmarks’ releases, there has been a growing focus in the vision-and-

language community to fix these problems.

We hypothesize that a generative model trained to synthesize compositional

data is capable of understanding the complexities required to solve hard image-

text-matching tasks. To this end, we transform a text-to-image generative

model for zero-shot image-text matching, and introduce Diffusion Image-

Text Matcher (DiffusionITM ; Figure 4.1). In this work, we use Stable Diffusion

(SD) (Rombach et al., 2022) as the text-to-image model, but any other diffusion

model could be used. DiffusionITM achieves competitive zero-shot perfor-

mance on both image and text retrieval (Table 4.1).

The naive approach for image retrieval given a text prompt would be to pick

the image for which SD gives the least noise prediction error, and vice versa for

text retrieval. While this works well for text retrieval (Li et al., 2023a), we show it

achieves random performance on image retrieval (Table 4.1). Our main insight

explaining this discrepancy is that the model’s success at denoising depends

primarily on the visual properties of the scene, rather than equally on visuals and

text (Figure 4.3). Therefore, if such a model has to select among several images

given a text prompt, it will have the lowest noise prediction error for a visually

familiar image regardless of the text prompt. To address this, we compute the

error relative to the unconditional (i.e. no text) error (Figure 4.1). Our method

outperforms existing diffusion-based discriminative methods (Li et al., 2023a;

Clark and Jaini, 2023) (see Table 4.1).

Since the original generative pretraining objective of noise prediction is far

from the ultimate downstream task of image-text-matching, we explore a novel

discriminative finetuning scheme with hard negative image-text-pairs on MS-

COCO (Lin et al., 2014). We find that this transfers well to other datasets, and
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improves discriminative performance (Table 4.1) as well as generated images

from DrawBench prompts (Saharia et al., 2022).

Figure 4.2: Progress of Stable Diffusion from 1.5 to 2.1 on GDBench tasks.
GDBench allows fine-grained comparison of models.

Finally, we present the GDBench to foster research progress on image gener-

ation. Our DiffusionITM method enables a new automatic, fine-grained, and

downstream way to evaluate diverse skills in text-conditioned image generation.

Thus, once we cast an image generation model as a discriminator, we can draw

from the rich history of diagnostic datasets and detailed analyses in the vision-

and-language literature to analyze the model’s reasoning ability. Evaluation of

image generation has been notoriously difficult, and recent proposals advocate

using secondary model probes on generated images to test for fine-grained abil-

ity (Hu et al., 2023; Cho et al., 2022). In contrast, we directly evaluate diffusion

models on downstream tasks without requiring any probes. In the same spirit

as GLUE (Wang et al., 2018), we systematically select 7 image-text-matching
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tasks covering diverse reasoning skills from traditional image retrieval to diag-

nostic tasks (i.e. compositionality). In addition, GDBench also includes a bias

evaluation dataset which we use for social bias analysis.

GDBench allows head-on comparison between generative models, as well as

with discriminative models like CLIP (Radford et al., 2021a). Our results are as

follows:

Stable Diffusion (SD) vs. CLIP: SD is competitive with CLIP on many

tasks, and outperforms it on challenging compositional tasks like CLEVR and

Winoground Text (Table 4.1). Further tuning of SD on MS-COCO with hard

negatives outperforms vanilla SD on both image and text retrieval (Table 4.2).

SD has lower stereotypical bias than CLIP (Table 4.3).

Stable Diffusion (SD) 1.5 vs 2.1: We observe varying degrees of progress,

but overall SD 2.1 outperforms SD 1.5 (Figure 4.2). SD 2.1 is less biased than

SD 1.5, contrary to the common trend of increased bias in larger, stronger mod-

els (Nadeem et al., 2021).

Image generation: Remarkably, improved discriminative performance via

finetuning on MS-COCO also leads to improved high-level understanding of

image generation. We find higher image-text-alignment on DrawBench (Saharia

et al., 2022) prompts compared to vanilla SD (section D.2).

4.2 Related Work

Vision-And-Language Understanding: Widely popular tasks for vision-and-

language understanding are often framed as discriminative tasks, such as image

retrieval (Miech et al., 2021), VQA (Agrawal et al., 2015) or REC (Yu et al., 2016).

We focus on image-text-matching (ITM) tasks (assigning a score to an image-

text-pair) due to their general applicability and simplicity. Noisy image-text pairs

are used for large-scale ITM training using contrastive learning (Radford et al.,

2021a), and has been traditionally tackled either via dual encoders like CLIP (Rad-

ford et al., 2021a), or models with richer cross-modal interaction like BLIP (Li

et al., 2022a). At the same time, ITM allows probing models in a controlled
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manner with simple metrics (Thrush et al., 2022a; Hendricks and Nematzadeh,

2021b), as opposed to more complex metrics on generative tasks (Hessel et al.,

2021; Saharia et al., 2022). There has been a growing interest on diagnostic

benchmarks for compositionality that use hard negatives (Yuksekgonul et al.,

2023b; Thrush et al., 2022a; Krojer et al., 2022; Hendricks and Nematzadeh,

2021b; Lewis et al., 2022; Parcalabescu et al., 2022). This rich literature can now

be transferred to the world of image generation with our GDBench benchmark,

enabling fine-grained analysis and benchmarking of text-conditioned image

generation.

Repurposing Text-Conditioned Diffusion Models: Text-conditioned diffu-

sion has shown remarkable advancements not only in image quality but also

image-text alignment (Rombach et al., 2022; Saharia et al., 2022). A natural

next question is how to leverage these abilities for other tasks (Burgert et al.,

2022). Two concurrent studies use similar methods to our diffusionITM in a

more restricted setting: Diffusion Classifier (Li et al., 2023a) performs image

classification using SD by selecting the class with the lowest noise prediction

error; (Clark and Jaini, 2023) puts more focus on timestep-weighting, and uses

Imagen (Saharia et al., 2022) instead of SD. However, they only show competitive

results for text retrieval, emphasizing image classification as a special case. Many

vision-and-language reasoning tasks are also framed as image retrieval (Krojer

et al., 2022; Hendricks and Nematzadeh, 2021b; Thrush et al., 2022a). In this

work, we tackle the broader scope of vision-and-language understanding, gener-

alize our method to image retrieval, and study hard-negative fine-tuning and

transfer.

Evaluation of Image Generation: Image generation is traditionally evaluated

along the two axes of image quality and image-text alignment, using metrics

based on individual examples. The recently proposed TIFA metric (Hu et al.,

2023) relies on an additional VQA model to answer a set of LLM-generated ques-

tions about the generated image. More traditional metrics include FID (Heusel

et al., 2017) for image quality; CLIPScore (Hessel et al., 2021; Kim et al., 2022) for
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image-text alignment based on CLIP-embedding; object-centric metrics (Hinz

et al., 2020; Cho et al., 2022) leveraging object detectors such as DETR (Carion

et al., 2020); and caption-based metrics (Hong et al., 2018) like BLEU on captions

of the generated image. In contrast, GDBench is not a metric on individual

examples, but rather a holistic evaluation framework. GDBench does not require

another large model (e.g. VQA) for evaluation, and can be run on many diverse

datasets.

Bias in Image Generation Models: It is well known that LLMs learn and am-

plify harmful biases present within text training corpora (Caliskan et al., 2017).

Due to the lack of automatic evaluation techniques for generative models, bias

investigation has mostly focused on discriminative vision-and-language (VL)

models (Srinivasan and Bisk, 2022; Janghorbani and De Melo, 2023). Only few

works have tackled bias in recent text-to-image models (Luccioni et al., 2023;

Cho et al., 2022) and to our knowledge only (Luccioni et al., 2023) focus on

bias alone: They quantify social biases by generating images over several social

groups (ethnicity and gender) and measuring their variation over selected at-

tributes (gendered adjectives and professions). They found that SD 1.4 and 2.0

are biased towards groups “associated with whiteness and masculinity” across

target attributes, and that SD 2.0 was more biased than 1.4. While their meth-

ods are thorough and work for black-box systems, the evaluation is quite time

consuming and manual.

4.3 Our Approach to Image-Text Matching with Dif-

fusion Models

4.3.1 Diffusion Image-Text Matching: Overcoming the modality

asymmetry for image retrieval

We present our method Diffusion Image-Text Matching (ITM). Our goal is to

assign a score to an image(x)-text(w) pair (x,w) which is broadly useful for

downstream applications. We provide (x,w) to the diffusion model and task it to
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“edit” the image according to the text. Our main intuition is if the image is not

described by the text, a lot of edits are needed to fit the text, in which case it gets

a low score, and vice-versa. See section D.3 for visualization.

Text-conditioned Diffusion: The objective of diffusion models is to denoise

an image x by predicting the noise ϵ added to its clean version, conditioned on

text w and noise level t :

Diffusion loss: Ex,ϵ,t
[

∥ϵ−ϵθ(x, t ,w)∥2
2

]

(4.1)

Intuitively, the predicted noise is farther from the true noise when the image-text

do not fit together. To transform this for ITM tasks, the sample with the lowest L2-

distance of predicted and true noise could be used to select among a set of image-

text-pairs. (Li et al., 2023a) and (Clark and Jaini, 2023) (concurrent works) have

focused primarily on text retrieval (with classification as a special case), where

the model selects from a number of texts (or class names for classification):

Text retrieval: argmin
w

Eϵ,t
[

∥ϵ−ϵθ(x, t ,w)∥2
2

]

(4.2)

However, naively applying this in practice would imply sampling a different ϵ for

each pair (x,w) to reduce the variance in L2-distance. (Li et al., 2023a) a) sample

many (hundreds!) noise-timestep pairs (ϵ, t) uniformly, and b) crucially keep

the sampled (ϵ, t) constant across different w when calculating Equation 4.2.

Finally, the guidance scale is kept at 0, thereby discarding unconditional noise

prediction. This could be repurposed to perform image retrieval by iterating

over images instead of text:

Naive image retrieval: argmin
x

Eϵ,t
[

∥ϵ−ϵθ(x, t ,w)∥2
2

]

(4.3)

We observe that while this results in SD as a strong text retriever, it achieves ran-

dom chance on all image retrieval tasks! Interestingly, (Li et al., 2023a) observed

that a Bayesian posterior from a discrete-label class-conditional generative
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Denoising Error

Image 1
Image 2 random captions

caption 1
unconditional

Figure 4.3: Denoising losses for two similar Flickr30K images Image1 and Im-
age2, and Caption1 of Image1. The absolute denoising error of Image2-Caption1
is smaller than that of Image1-Caption1, hence Diffusion Classifier would have
erroneously picked Image2 for Caption1. Whereas, the difference between the
errors for Image1-Caption1 and Image1-Unconditional is greater than between
Image2-Caption1 and Image2-Unconditional, so our approach would correctly
pick Image1.

model can be approximated using the analysis:

pθ (ci | x) =
p (ci ) pθ (x | ci )

∑

j p
(

c j

)

pθ

(

x | c j

) ≈
exp

{

−Et ,ϵ
[
∥ϵ−ϵθ (xt ,ci )∥2

]

+const .
}

∑

j exp
{

−Et ,ϵ

[∥
∥ϵ−ϵθ

(

xt ,c j

)∥
∥2

]

+const .
} .

(4.4)

(Li et al., 2023a) use pairwise samples between pairs of labels ci and c j , to pro-

duce a low complexity approximate computation reminiscent of paired differ-

ences tests in statistics. Their analysis is based on a marginal across all possible

discrete label captions c with respect to an image x. In contrast, in our approach,

we replace the marginal in the denominator with simply a sample from the

unconditional diffusion model for p(x), and operate in log space. The intuition

behind our approach is that taking an integral over all possible caption strings

(w) is equivalent to simply the unconditional, since the “caption” dimension

is (implicitly) marginalized out. Figure 4.3 illustrates another view of this intu-

ition that for a correct text-image pair (Image1-Caption1), the denoising error is

visibly smaller than for all mismatched text-image pairs for the same image (Im-

age1). Moreover, for an incorrect but similar image (Image2), the denoising error

for Caption1 is close to random, but could be less than that of Image1-Caption1

in absolute value. The incorrect Image2 would be selected regardless of the text

since it is visually easier to denoise. Hence, the denoising error depends almost
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entirely on the image, independent of text conditioning (“modality asymmetry”).

This analysis naturally leads to the intuitive solution of normalizing the error

by the unconditional (no text) error. After all, we only care about the relative

difference of how much easier or harder it becomes to denoise the image with a

given text relative to when no text is given (see Figure 4.1):

Image retrieval: argmin
x

Eϵ,t
[

(∥ϵ−ϵθ(x, t ,w)∥2
2 −∥ϵ−ϵθ(x, t )∥2

2)
]

(4.5)

4.3.2 HardNeg-DiffusionITM: Tuning with compositional hard

negatives and transfer

Our goal is to transform diffusion-based models for discriminative image-text-

matching (ITM). However, the denoising diffusion objective only considers

positive image-text pairs, and the large pre-training corpus LAION (Schuhmann

et al., 2021) contains many noisy/simple examples, not conductive to complex

linguistic reasoning. In contrast, models specifically dedicated to vision-and-

language reasoning such as CLIP (Radford et al., 2021a) or BLIP (Li et al., 2022a)

were pre-trained with negatives and, in the case of BLIP, had access to high-

quality curated image-text data. Previous baselines (Li et al., 2023a) ditched the

generative objective and turned it fully discriminative by finetuning a ResNet on

top of the frozen mid-layer features of the U-Net for each dataset separately. We

instead adopt parameter-efficient finetuning with LORA layers (Hu et al., 2022)

that are added to the cross-attention from U-Net to the text, so as not to deviate

too far from pretraining representations.

We address the lack of high-quality image-text-data by fine-tuning the diffu-

sion model on MS-COCO (109K examples) with the standard diffusion objective

(see Equation 4.1). As MS-COCO contains diverse high-quality image-text pairs,

we finetune only once, and evaluate using GDBench tasks. This could be thought

of as a second limited pre-training.

We address the lack of negative examples by adopting the hard negatives

from (Yuksekgonul et al., 2023b) on MS-COCO: swapped text elements of the
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same part-of-speech (e.g. “Men keep watch on a herd of goats” → “Goats keep

watch on a herd of men”), and CLIP-based image hard negatives. The naive

approach would be to minimize the noise prediction error on positive pairs

(x,wpos), and maximize for negative pairs (x,wneg ). However, if this inverse loss

were applied unhinged with potentially infinite gains, it would lead to the model

predicting non-sense for everything. Therefore we threshold the hard-negative

error at a relative scaling factor λ of the value of the positive error:

L =Lpos +clip
(

Lneg , |λLpos |
)

where (4.6)

Lpos = Ex,ϵ,t
[

∥ϵ−ϵθ(x, t ,wpos)∥2] , Lneg =−Ex,ϵ,t
[

∥ϵ−ϵθ(x, t ,wneg )∥2] (4.7)

We choose relative thresholding since we want to ensure that the model never

deviates too much from its original objective of noise prediction from positive

prompts. Hence Lneg is clipped between [−Lpos ,Lpos]. Unlike CLIP, we cannot

include a large number of hard negatives in our batches since diffusionITM

encodes image and text together. The resulting model, HardNeg-DiffusionITM,

is still evaluated in a zero-shot fashion on the target evaluation tasks, i.e., how

well does DiffusionITM trained on MS-COCO transfer to target tasks.

4.4 Data: The GDBench Benchmark

There is a fundamental need to measure downstream performance of diffusion-

based generative models on a wide range of vision-and-language reasoning tasks,

to facilitate quick improvement and progress tracking. This has worked in the

past, i.e. with the NLP GLUE benchmark (Wang et al., 2018). With this motivation,

we introduce GDBench, a benchmark of eight diverse image-text-matching (ITM)

tasks to explore many types of vision-and-language reasoning. These include 7

ability-centric and 1 bias dataset for the image generation community (examples

shown in Figure 4.4). Additionally, most GDBench tasks have further fine-grained

scores on sub-phenomena without requiring manual inspection, as is the case

with evaluating generative models (Saharia et al., 2022). ITM as a reasoning

benchmark offers simplicity and a surprising amount of diversity. After all, ITM

69



has become a standard paradigm for diagnostic vision-and-language datasets

(see task list below) and therefore allows interpretable evaluation on many

downstream skills. GDBench is similar to the spirit of downstream evaluation

of generative models such as in TIFA evaluation (Hu et al., 2023) which makes

use of a secondary model like VQA on the generated images and shows that

downstream performance correlates with image quality. Whereas, we stay closer

to the generative realm and evaluate generative models on several discriminative

tasks without the need for secondary models. Below we introduce each dataset,

asking “What phenomena does it cover that others do not?”

Flickr30K: A lady in a blue dress

riding on a scooter (left) and CLIP-
based hard negative (right)

ARO: The man is wearing the shirt

(positive) and The shirt is wearing

the man (hard negative)

Pets: A photo of a english cocker

spaniel

CLEVR: A large sphere and a small

cylinder (positive) and A small

sphere and a large cylinder (nega-
tive)

SVO: Person standing at window

(left) and Person sitting at window

(right)

ImageCoDe: There is an equal

amount of yellow and white be-

tween both hands (left) and hard
negative (right)

Winoground: Some plants sur-

rounding a lightbulb (left) and A

lightbulb surrounding some plants

(right)

Bias: Christian (left), Jewish (right).
An unbiased model should match
"pleasant" and "unpleasant" words
equally to both groups.

Figure 4.4: Examples from the datasets in GDBench.

Flickr30K (Young et al., 2014) is a well-established open-ended image and

text retrieval dataset, captioning diverse scenes involving people. Note that we

changed the task setup to reduce computation overhead: A model has to retrieve

among the 10 most similar examples based on the CLIP embedding space. While

this might not be fair towards our CLIP baselines, we chose this setup primarily

to study if SD could be useful a second-stage slow retriever, after a fast retriever

like narrows down the candidates (Miech et al., 2021). Both Winoground (Thrush

et al., 2022a) and ARO (Yuksekgonul et al., 2023b) are diagnostic benchmarks

70



for compositionality. Winoground is carefully curated at the cost of only 400

examples and many SOTA models have not reached significantly beyond random

chance. ARO is automatically generated on top of Flickr30K, MS-COCO, and

others with only compositional hard text negatives. ImageCoDe (Krojer et al.,

2022) is an image retrieval task focusing on highly similar images with complex

pragmatic captions crowdsourced from a guessing game. SVO (Hendricks and

Nematzadeh, 2021b) disentangles performance along different parts-of-speech

by pairing images that differ only in subject, object or verb. (Lewis et al., 2022)

introduced a diagnostic controllable benchmark based on simple synthetic

CLEVR1 images of 3D shapes, thereby isolating various phenomena like attribute

binding or spatial relations. Finally, we include Pets (Parkhi et al., 2012) as a

smaller quick-to-run image classification dataset. In contrast to linguistically

complex GDBench tasks, Pets covers the complementary skill of fine-grained

recognition (37 animals).2

Measuring Bias: Bias evaluation is essential as large-scale models increas-

ingly suffer from harmful biases that can impact downstream tasks. Diffusion-

ITM allows automatic, quantitative bias evaluation with bias datasets intended

for discriminative vision-and-language models. We utilize the dataset from

(Janghorbani and De Melo, 2023) and investigate three different types of so-

cial biases: religious, nationality, and sexual orientation. Quantitatively, bias is

present when there is a substantially stronger association of one target group

to pleasant attributes compared to unpleasant attributes over another group,

as measured by some notion of distance or similarity. The target groups are

represented by sets of images X I ,Y I and the attributes are captured by sets of

words AT ,B T . Bias is measured by the following normalized association score,

d , called the effect size: 3

1We generate CLEVR images and captions ourselves and they are therefore not exactly com-
parable with the same previous task formulation (Lewis et al., 2022; Clark and Jaini, 2023).

2We chose Pets over ImageNet with 1000 classes since we want GDBench to be light-weight to
run. Following (Radford et al., 2021a), we use the text prompt “an image of X” .

3We use a permutation test to compute the significance of effect size scores (Caliskan et al.,
2017).
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Table 4.1: Benchmarking Diffusion ITM with vanilla SD and hard-negative

fine-tuning on MS-COCO on GDBench. Diffusion Classifier performs around
random chance on image retrieval.4Hard negative transfer finetuning signifi-
cantly improves on both.

(a) Accuracy of DiffusionITM and baselines on GDBench image retrieval tasks.

SVO ImageCoDe Winoground

Flickr Img Verb Subj Obj Static Video Image

CLIP RN50x64 71.9 82.2 85.8 89.3 51.6 23.5 13.8

OpenCLIP ViT-L/14 79.9 85.6 90.7 92.8 69.8 26.0 11.25

Diffusion Classifier 11.1 50.6 55.0 48.7 8.9 9.0 0.25

DiffusionITM (Ours) 61.5 77.3 80.5 86.2 42.5 21.1 10.2

HardNeg-DiffusionITM (Ours) 66.1 77.8 81.3 84.7 44.9 21.0 12.3

(b) Accuracy of DiffusionITM and baselines on GDBench text retrieval tasks.

ARO CLEVR Pets Winoground

Flickr Txt VG Attr. VG Rel. COCO Ord. Flickr Ord. avg Pets Text

CLIP RN50x64 65.8 62.7 50.8 52.0 58.8 59.5 88.4 26.3

OpenCLIP ViT-L/14 71.3 59.2 50.3 30.8 39.8 64.3 89.9 30.25

Diffusion Classifier /
DiffusionITM (Ours)

69.8 62.9 50.0 23.5 33.2 67.9 79.7 37.5

HardNeg-DiffusionITM (Ours) 73.5 67.6 52.3 34.4 48.6 73.3 81.3 39.5

d(X I ,Y I , AT ,B T ) =
meanx∈X ψ(x, A,B)

stdevi∈X∪Y ψ(i , A,B)
−

meany∈Y ψ(y, A,B)

stdevi∈X∪Y ψ(i , A,B)
(4.8)

where ψ(i , A,B) = mean
a∈A

σ(i , a)−mean
b∈B

σ(i ,b)

and σ(·, ·) is our proposed DiffusionITM score, or, in the case of CLIP, cosine

similarity.

More concretely, in the case of Religion, the image sets might be X = Chris-

tians, Y = Muslims and the attribute word sets would be A = {“joy”, “trust”,

4Random accuracy: 10% (Flickr, ImageCoDe), 50% (ARO Rel./Attr., SVO, CLEVR), 25%
(Winoground), 20% (ARO Order), 2.7% (Pets).
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“good”, ...}, B = {“corrupt”, “vulgar”, “bad”, ...}. Here, a positive effect size means

that it is biased towards Christians and a negative effect size means it is biased

towards Muslims. We provide more details under limitations in section D.1.

4.5 Experiments and Results

Our main two findings are summarized in Table 4.1: First, zero-shot Diffusion-

ITM achieves performance near CLIP on image retrieval (Table 4.1a), overcoming

the close-to-random performance of Diffusion Classifier (Li et al., 2023a). Sec-

ond, our best hard negative transfer-finetuning strategy improves performance

across the board, on both image and text retrieval.

Hyperparameters: Based on ablations in (Li et al., 2023a), we adopt most of

their setup but aim for more simplicity: Timesteps t are sampled uniformly from

[0,1000], guidance scale is kept at 0, but we drop the complicated procedure

that iteratively prunes classes after a number of noise-timestep samples (ϵ, t).

Instead we keep samples constant at 250 for the main zero-shot experiments

in Table 4.1 and reduce it to a much more feasible number of 10 samples for

other experiments.5 This is aligned with our goal that GDBench should be easily

adopted by researchers to evaluate their image generation method. As shown

in Appendix Figure D.5, performance is not at its maximum with few samples

but the trends can be studied in the same way when comparing models along

different tasks. We adopt the common CLIP RN50x64 baseline and OpenCLIP

ViT-L/14 for a fair comparison since SD 2.1’s text backbone is from the latter. We

fine-tune on the MS-COCO hard negative training set (Yuksekgonul et al., 2023b)

with l r = 1e −4, λ= 1.0 and batchsize 112. We select a checkpoint after 8 epochs

based on hard negative validation. Runtime: With 10 noise samples per image-

text-pair evaluation on Flickr30K Text Retrieval validation takes 68 minutes on a

single NVIDIA RTX A6000 GPU (compared to around 4 minutes with OpenCLIP

ViT-L/14). We point to (Li et al., 2023a) for an in-depth analysis of runtime. We

emphasize that we envision future stronger SD-based discriminators as slow

5With the exception of 20 steps for bias evaluation.
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retrievers that are applied to a small set of candidates provided by a fast retriever

(Miech et al., 2021), as well as the benefit of automatic evaluation.

Table 4.2: Comparison of finetuning approaches on (top) image and (bottom)
text retrieval, with only 10 sampling steps due to runtime feasibility (lower
performance than Table 4.1 but same trends).

(a) Image Retrieval
SVO ImageCoDe Winoground

Flickr Img Verb Subj Obj Static Video Image

Vanilla SD 46.1 71.2 74.1 79.4 30.1 15.7 9.0

+ MS-COCO NoNeg 48.2 71.1 74.7 76.9 29.7 16.1 10.3

+ MS-COCO RandNegTxt 47.7 71.5 73.8 77.5 28.3 16.0 10.7

+ MS-COCO HardNegTxt 47.0 71.3 74.1 76.8 30.6 16.2 9.6

+ MS-COCO HardNegImg 52.9 73.1 76.1 79.4 34.6 17.2 10.5

+ HardTxt + RandTxt + HardImg 49.4 71.7 75.4 78.4 31.9 16.6 9.8

(b) Text Retrieval
ARO CLEVR Winoground

Flickr Txt VG Attr. VG Rel. COCO Order Flickr Order avg Pets Text

Vanilla SD 55.3 59.2 49.8 24.8 31.6 65.7 60.9 32.3

+ MS-COCO NoNeg 62.2 62.3 53.2 33.6 42.9 67.1 70.0 35.0

+ MS-COCO RandNegTxt 62.2 61.6 53.1 34.0 42.4 67.6 70.2 32.2

+ MS-COCO HardNegTxt 60.9 62.2 52.9 34.9 44.0 68.5 69.4 33.7

+ MS-COCO HardNegImg 61.1 61.1 52.4 30.6 37.6 67.4 71.0 33.7

+ HardTxt + RandTxt+ HardImg 61.7 62.0 53.1 33.9 41.2 67.0 71.0 30.8

DiffusionITM performance: Our DiffusionITM significantly outperforms

Diffusion Classifier on all image retrieval tasks (Table 4.1a) while CLIP still out-

performs DiffusionITM. However on text retrieval, DiffusionITM even outper-

forms CLIP on some tasks (Table 4.1b), most notably compositionality-focused

Winoground Text and CLEVR by a large margin. Here DiffusionITM is clearly

behind CLIP on only two ARO subtasks (Flickr and COCO Order).

HardNeg-DiffusionITM performance: We find that HardNeg-DiffusionITM
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trained on MS-COCO transfers well to all tasks, outperforming DiffusionITM

(Table 4.1). In Table 4.2 we disentangle the effect of using higher quality data

and various additional hard negatives. We highlight three insights: 1) Despite

fine-tuning on only a single dataset, we observe gains across almost all tasks

without any negatives (NoNeg) explicable by the general high-quality MS-COCO

dataset compared to more noisy pre-training data. 2) Using hard negatives for

only one modality (HardNegTxt/RandNegTxt vs. HardNegImg) only improves the

respective retrieval performance while showing occasional drops in the other.6

3) We therefore combine all three types of hard negatives, allowing us to work

with one model, HardNeg-DiffusionITM, rather than multiple models specific to

each modality retrieval.

Table 4.3: Effect sizes for the bias evaluation. Positive effect sizes indicate bias
towards target group X, negative effect sizes indicate bias towards Y. Effect sizes
closer to 0 are less biased and statistically significant effect sizes at p < 0.01 are
denoted by ∗. We see that all models exhibit biases, with SD 2.1 being the

least biased. For brevity, Buddhist scores are omitted here but contribute to the
average (details in Table D.2).

Target X Target Y SD 2.1 SD 1.5 CLIP RN50x64 CLIP ViT-B/32

Religion

Christian Muslim 0.94* 1.06* 1.55* 1.71*
Christian Jewish 1.10* 1.11* 1.54* 1.69*
Jewish Muslim -0.15 0.03 0.23* 0.48*
Hindu Muslim 0.86* 1.21* 1.48* 1.65*

Nationality American Arab 0.63* 0.90* 0.72* 1.28*

Sexuality Heterosexual LGBT 0.84* 1.04* 1.38* 1.68*

Average Absolute Effect Size 0.65 0.79 1.09 1.26

Stable Diffusion 1.5 vs. 2.1 Performance: 2.1 improves on the majority of

GDBench tasks except for ARO. With GDBench’s diverse tasks, we can study if

later versions of Stable Diffusion improve in all skill-dimensions or just some

of them (see Figure 4.2). Interestingly SD 2.1 does not show significant gains

6Hard negatives for text are obtained by shuffling parts-of-speech, and images through CLIP
image similarity.
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over SD 1.5 on all of them. Most notable is ARO (compositionality): We see only

minor improvements (VG tasks) or slight drops (Order tasks). At the same time,

we do see a jump on Winoground Text from 29% to 32.3% and on other less

adversarial tasks such Flickr30K or SVO.

Bias: Both CLIP and Stable Diffusion exhibit bias towards the dominant

groups, namely Christians, Americans, and Heterosexuals (Table 4.3) with Stable

Diffusion 2.1 displaying the least bias. Almost all scores are statistically signifi-

cant for p < 0.01, with the exception of the Jewish-Muslim for both SD versions

(Table 4.3) and some of the Buddhist scores (Table D.2). Version 2.1 has over-

all lower effect sizes (average absolute effect size of 0.65 in 2.1 vs. 0.79 in 1.5),

suggesting that it is less biased than version 1.5 for this metric (Table 4.3). This

goes against the trend of increased bias in stronger models (Nadeem et al., 2021).

On the other hand, (Luccioni et al., 2023) found that Stable Diffusion 1.4 is less

biased than 2.0. Further investigation is needed to draw a strong conclusion as

to whether the 2.x versions are more or less biased than the 1.x versions due to

this discrepancy. It is important to note that there was a major weakening of the

safety filter between version 2.0 and 2.1, which may have affected the diversity

in the training set and as such, model bias.

Analysis: We find higher image-text-alignment of images generated by

HardNeg-DiffusionITM model based on human judgement. Although our

method improves discriminative performance, does it also result in more com-

positional image generation? Crucially our finetuning on MS-COCO preserved

the generative capabilities despite directly modifying the noise prediction. We

therefore compare image-text-alignment of DiffusionITM against HardNeg-

DiffusionITM on DrawBench (Saharia et al., 2022) and find promising results:

From 105 complex prompts, we found that HardNeg is closer to the text al-

most twice as often as the zero-shot model. Similarly, HardNeg finetuning

also shows slightly better image-text-alignment than NoNeg finetuning. For

more DrawBench details see (section D.2) and other analyses (section D.6).

One might ask: how complementary are the skills learned in a generative vs.
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a discriminative vision-and-language model? We quantify this via the overlap

of correctly predicted examples. Our hypothesis: Even if DiffusionITM might

have lower performance on a task, its correct predictions may still cover new

examples that discriminative models fail to capture. On three datasets, we

compare DiffusionITM and two discriminative models (CLIP and BLIP) that

were trained differently enough to expect varying predictions. However we find

no evidence for our hypothesis and perhaps even signs of an opposite trend

(Figure D.4). We speculate that this points towards the big role the text encoder

behind an text-to-image model plays for vision-and-language understanding.

After all, Stable Diffusion relies on a frozen CLIP text encoder.

4.6 Post-submission: The intriguing case of Stable

Diffusion XL

After the paper submission, Stable Diffusion XL (SDXL) (Podell et al., 2024) was

released so it was a reasonable next step to include it in our comparison of

different SD versions (see Fig. 4.2). We expected SDXL to outperform previ-

ous versions, based on our upwards trend from 1.5 to 2.1 as well as findings in

(Podell et al., 2024). Surprsingly, SDXL reaches significantly lower scores, below

2.1 scores on everything except three ARO subtasks, and even below 1.5 on most

tasks (App. D.6 Fig. D.6 show exact numbers). Moreover, the top predictions of

SDXL have the same exact scores (i.e. two images being ranked first) far more

often than in SD 2.1. We confirmed that our results are not coming from a bug

in our implementation and hope that future work can shed more light on quan-

tifying the higher-level abilities of SDXL. In the meantime we offer a preliminary

interpretation here: It is possible that the capabilities of image generation and

image editing, specifically providing a new prompt on a partially noised image,

are not always correlated. In light of this, we also offer two broader interpreta-

tions for the validity of DiffusionITM as a new evaluation methodology: Either

our proposed evaluation is not generally applicable to all forms of vision-and-

language skills in text-to-image models and instead measures more nuanced
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aspects such as image editing or text sensitivity. Alternatively, this anomaly is

evidence that our evaluation is precisely working as intended and exposes flaws

that might otherwise taken longer to detect via quantitative evaluation or other

metrics such as FID or TIFA.

4.7 Conclusion and Future Directions

In this paper, we introduce DiffusionITM and GDBench. DiffusionITM allows

us to transform any diffusion-based generative model to perform image-text

matching tasks. This in turn leads to an exciting new paradigm of evaluating

text-to-image models on vision-and-language reasoning using diagnostic bench-

marks. We also improve vision-and-language understanding of diffusion models

with a novel hard negative finetuning strategy (HardNeg). GDBench allows one to

study many different types of vision and language reasoning, ranging from: com-

positional (ARO, Winoground) and visual fine-grained reasoning (ImageCoDe),

to elements of spatial/attribute binding (CLEVR). Through our experiments,

we find that our proposed DiffusionITM approach shows vision-and-language

reasoning capability through increased performance on the several evaluations,

as well as provides for head-on automatic comparison among generative models.

We conclude that Stable Diffusion performs competitively to CLIP, and performs

better on compositional tasks. We also conclude that SD 2.1 is less biased than

SD 1.5. We hope that this line of work demonstrates that high-quality diffusion

methods for generating images performs well on vision-and-language reasoning.

We see that the simple task of image-text-matching allows us to test many types

of reasoning capabilities by carefully selecting the appropriate negatives. We

encourage future research to explore this paradigm on other models families like

Masked Generative Transformers (Chang et al., 2023), and with stronger back-

bone text encoders. While we found that improved discriminative performance

translates into better image-text-alignment in generated images, this should be

explored in more detail. We discuss detailed limitations (especially bias-related)

in section D.1
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5
LatentLens: Revealing Highly

Interpretable Visual Tokens in LLMs

Preface

The previous three chapters have mostly treated models as black-boxes: study-

ing the training or evaluation data, the objective function or certain output

behaviors. This final chapter, published at ICML 2026 (Krojer et al., 2026), stud-

ies model internals instead, specifically the relationship between visual and

linguistic representations at different layers of LLM processing. It is also the

chapter that most centrally addresses the main question of my thesis: To what

extent, in what manner, are vision and language actually integrated in vision-

and-language models? It thus completes the thesis’s three angles by probing

deep integration at the representational level (Chapter 1): whether vision and

language come to share a common space inside the model rather than occupying
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separate subspaces.

As discussed in Chapter 1, the field has witnessed various modeling

paradigms for combining vision and language in a single model, ranging

from early visual BERT to recent unified multimodal generation. In the previous

chapters, I either focused on CLIP-based models with minimal modality interac-

tion (Chapter 2) or diffusion-based text-to-image models (Chapters 3 and 4). In

this chapter I focus on the most dominant and persistent paradigm in recent

years: taking a pre-trained LLM and adapting it to understand and reason about

multimodal input. Our goal is to understand why adapting an LLM to process

visual input is so surprisingly easy.

A puzzling feature of the multimodal LLM paradigm is that even a fully frozen

LLM can process visual input (in the form of visual tokens): Soon after it became

clear how capable LLMs are, studies showed that it is straightforward to adapt

a frozen LLM to process visual input (Lu et al., 2022; Tsimpoukelli et al., 2021;

Merullo et al., 2023; Liu et al., 2023), in the simplest case all it takes is a linear

mapping from a frozen vision encoder to a frozen LLM (Merullo et al., 2023).

The intuitive hypothesis we pose in this chapter is: If the LLM is frozen and has

only been trained to process language embeddings, the visual tokens it now

receives must appear “language-like” in some way. If we take a visual token as

it is processed through the LLM, does it have interpretable nearest neighbors

in the LLM’s representation space? Here, we define interpretability as: a visual

token is interpretable if its nearest neighbors in the LLM’s representation space

are semantically related to its visual input. Prior work has only provided broad

or largely negative answers to this question, either studying broader trends in

the geometry of embedding spaces, or showing, at a small experimental scale,

that naive methods to find interpretable nearest neighbors can only work on

some inputs or some LLM layers (Mokady et al., 2021; Neo et al., 2025).

We address this gap by introducing LATENTLENS, a training-free interpretabil-

ity method that compares visual token representations to contextual text rep-

resentations, rather than to the LLM’s static embedding or unembedding ma-
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trices. Our key finding is that prior methods substantially underestimate the

interpretability of visual tokens: while existing approaches (EmbeddingLens,

LogitLens) label only 23–30% of visual tokens as interpretable, LATENTLENS

reveals that the majority (on average 72%) are interpretable, consistently across

all studied models and all LLM layers. We also identify the Mid-Layer Leap: even

at the LLM input, visual token representations align most strongly not with static

input-level embeddings but with representations from the model’s middle layers,

suggesting that the learned projection targets semantic rather than surface-level

representations from the very start. More broadly, our findings contribute new

evidence on the alignment between vision and language representations and

open up new directions for analyzing the latent representations of LLMs, extend-

ing beyond VLMs to other non-linguistic tokens such as soft prompts, latent

thinking tokens, or speech.

The Krojer et al. (2026) manuscript follows as originally published.

LatentLens Demo Code

5.1 Introduction

Transforming a large language model (LLM) into a vision-language model (VLM)

can be as simple as training a linear transformation or shallow MLP that maps

visual representations into the embedding space of a frozen LLM (Tsimpoukelli

et al., 2021; Merullo et al., 2023; Liu et al., 2023; Beyer et al., 2024; Mañas et al.,

2023, inter alia). While VLMs can be further improved via multiple stages of

fine-tuning (Bai et al., 2023; Cho et al., 2025), the empirical success of frozen

LLMs processing non-language inputs raises an important question: Why is

it so easy to adapt an LLM to process data from other modalities? It has been

hypothesized that LLMs are “universal computation engines” that can process

arbitrary modalities with minimal adaptation (Lu et al., 2022; Shen et al., 2023;

García-de Herreros et al., 2024). Through training on vast amounts of natural

language, LLMs may implicitly learn about the physical world, form priors about
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visual properties (Han et al., 2025), or even learn a more sophisticated world

model (Patel and Pavlick, 2022). It has also been argued that separately trained

vision and language representations may converge to a shared structure (Huh

et al., 2024), which could facilitate training simple projections between them.

Figure 5.1: Illustration of our method. LATENTLENS compares latent represen-
tations of visual tokens to contextualized text representations obtained from full
sentence descriptions.

However, these hypotheses do not explain how visual representations are

integrated inside an LLM and its representation space. Are the visual tokens

processed by an LLM interpretable, i.e., do their representations correspond to

semantically meaningful language? Existing work suggests that visual tokens

are rarely interpretable at the input level via nearest neighbors in the language

model embedding space (Mokady et al., 2021; Neo et al., 2025, EmbeddingLens).

Recent work has explored the utility of LogitLens, which uses the LLM unem-
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bedding matrix (nostalgebraist, 2020), to interpret and analyze visual token

representations (Neo et al., 2025; Jiang et al., 2025b). Finally, training-based

methods such as sparse autoencoders (Cunningham et al., 2023; Venhoff et al.,

2025) or supervised probing (Fu et al., 2025) have also been applied to under-

stand what visual representations encode. However, both embedding-space

and training-based methods are inconclusive about the interpretability of visual

tokens in LLMs.

In this work, we propose LATENTLENS, a novel interpretability method for

analyzing latent representations in VLMs. LATENTLENS is training-free and pro-

vides fine-grained sentence-level descriptions of latent representations. Our key

insight is that the most natural comparison for visual token representations

are contextual text representations, and not the LLM embedding or unem-

bedding matrix. Thus, LATENTLENS compares visual token representations to

their nearest neighbors in a large pool of contextualized token representations

from intermediate LLM layers. For example, in Figure 5.1, the visual token of a

building yields the nearest neighbor stories in the context of “... building with

many stories ”.

Empirically, we analyze the interpretability of visual token representations

across layers for 15 different VLMs. We find that compared to other training-free

approaches (LogitLens and EmbeddingLens), LATENTLENS reveals consistently

high interpretability, highlighting that previous methods substantially under-

estimate the interpretability of visual token representations. Averaged across

all 15 VLMs and all layers we study, LATENTLENS renders 68% of visual tokens

interpretable (according to a VLM-judge). When using EmbeddingLens and Log-

itLens, however, only 32% and 24% of visual token representations are labeled

as interpretable, respectively. Through ablation studies, we provide additional

insights about the nature of this interpretable alignment, showing, e.g., that even

linear projections lead to interpretable visual token representations. We also

find evidence for a Mid-Layer Leap in the learned projection: the visual token

representations at the input and early layers align most strongly to contextu-
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alized representations from mid-layers (e.g., layers 8–16), suggesting that the

learned projection targets semantic rather than lexical representations. We also

present qualitative analyses showing that LATENTLENS produces rich sentence-

level descriptions, unlike LogitLens which might return subwords or next-token

predictions.

Overall, our findings challenge existing assumptions about the interpretabil-

ity of visual tokens, and offer new insights about the alignment of vision and

language representations. We encourage the reader to explore the interactive

demo as well as our pip-package with easy access to our database of contextual

embeddings to facilitate adoption.

5.2 Background

We first introduce technical background on VLMs and describe prior work on

analyzing their latent representations.

5.2.1 Turning LLMs into VLMs

A common approach for converting an LLM into a VLM is to project representa-

tions produced by a vision encoder into the embedding space of the LLM via

a learned connector. More formally, let venc be a pre-trained vision encoder,

which produces a sequence of image embeddings venc(ximg) =
[

v1,v2, . . . ,vTv

]

with vi ∈ R
dv for a given image ximg, let llm be a pre-trained language model,

and let xtext be a textual input. A multimodal input is constructed as follows:

First, xtext is processed by a tokenizer tok and then converted into token embed-

dings via an embedding matrix Eemb ∈R
|V |×d . Second, visual tokens representing

ximg are obtained by projecting each image embedding vi into the embedding

space of llm using a projection function1 proj : Rdv 7→ R
d . Finally, the visual

and textual representations are concatenated x = [p1, . . . ,pTv ,e1, . . . ,eTt ], where

pi = proj (vi ) ∈R
d ∀ i = 1, . . . ,Tv and e1, . . . ,eTt = emb(tok(xtext)) ∈R

Tt×d . The re-

sulting multimodal sequence x is then processed by the llm and converted into

1In practice, proj is usually a linear layer, an MLP, or an attention-based module (Liu et al.,
2023; Wang et al., 2024a).
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latent representations h(ℓ)
i

∈R
d , where i denotes the position in the sequence

and ℓ a layer, respectively.2 During the forward pass, textual representations can

self-attend to the information encoded in the visual representations h(ℓ)
i

.

Training. Given a dataset D = {(ximg, xtext)i }N
i=1 of image-caption pairs, the

llm can be trained by minimizing the cross-entropy loss over the target caption

tokens:

LLM =−
T∑

t=Tinstr+1
log p(yt | y<t , ximg),

where: tok(xtext) = [y1, . . . , yTinstr
︸ ︷︷ ︸

instruction

, yTinstr+1, . . . , yT
︸ ︷︷ ︸

caption

], and, unless stated otherwise,

only the weights of proj are trained, with the llm and venc weights frozen.

5.2.2 Interpreting VLM representations

An important open question is what exactly is encoded in visual token repre-

sentations as they are processed by an LLM, and to what extent are the latent

visual token representations (h(ℓ)
i

) interpretable as language-like tokens? We

will briefly introduce popular approaches for studying these questions. We note

that other supervised or prompting-based approaches exist such as probing

(Belinkov, 2022), SAEs (Cunningham et al., 2023), LatentQA (Pan et al., 2024) or

Patchscopes (Ghandeharioun et al., 2024). Instead, we focus on methods which

are training-free and directly leverage the LLMs representation space.

EmbeddingLens. The simplest approach to interpret visual token represen-

tations is to compare them to the elements of the embedding matrix Eemb of llm.

This is motivated by the projection layer being trained to output representations

that are compatible with the embedding space of llm. For this approach, each

pi (or its corresponding latent h(ℓ)
i

at layer ℓ) is compared to the embeddings

in llm’s embedding matrix Eemb via cosine similarity and the top-k most similar

embeddings serve as “labels.” EmbeddingLens has been previously used for

interpreting soft prompts (Lester et al., 2021), visual tokens (Mokady et al., 2021;

Jiang et al., 2025a) or speech (Ògúnrèmí et al., 2025).

2Color-coding is used for visual token representations (h(ℓ)
i

).
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LogitLens. A slightly different but conceptually very similar approach is

the LogitLens (nostalgebraist, 2020). Instead of comparing latent representa-

tions directly to embeddings, LogitLens projects the latent representation to the

unembedding space of the model by multiplying h(ℓ)
i

with the unembedding

matrix Wunemb ∈ R
d×|V |, obtaining a distribution over vocabulary items. Then,

the top-k vocabulary items, i.e., those with the largest logits, are retrieved as

“labels”. LogitLens been widely used in previous work analyzing LLMs (Geva

et al., 2022, 2023; Fierro et al., 2025), and has recently been adopted for VLMs

(Shukor and Cord, 2024; Neo et al., 2025; Jiang et al., 2025b).

5.3 LATENTLENS

In the following, we provide a unifying perspective on existing training-free meth-

ods for interpreting latent representations and introduce LATENTLENS, a novel

method for mapping latent representations to natural language descriptions.

5.3.1 Unifying existing lenses

EmbeddingLens and LogitLens share the same goal and setup: To map a latent

representation h(ℓ)
i

∈R
d at position i and layer ℓ, to a natural language descrip-

tion. Here, we provide a unified perspective on both methods. Formally, let C

be a set of candidate descriptions, where each description d j ∈C is associated

with a vector r j ∈R
d . h(ℓ)

i
is mapped to a description d j in three steps:

1 Compute scores: For each r j , compute a score using a similarity function

f : Rd ×R
d 7→R:

s j = f (hℓ
i ,r j ), j = 1, . . . , |C |.

2 Select top-k vectors: Ii ,ℓ = argtop-k({s j }|C |

j=1).

3 Return descriptions: {d j : j ∈ Ii ,ℓ}.

The set of possible descriptions for EmbeddingLens and LogitLens is given

by the language model vocabulary, i.e., C = V . The similarity function is either

cosine similarity with the rows of the embedding matrix Wemb (EmbeddingLens)
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or the inner product with the output embedding matrix Wunemb (LogitLens).

Finally, in both cases, the vocabulary items are sorted based on their similarity

score and the top-k elements are selected as a description of h(ℓ)
i

.3

Limitations of prior lenses. Under our unified framework, two limitations

of EmbeddingLens and LogitLens become apparent: 1) The description set is

limited to a model vocabulary V , containing only (sub-word) tokens. 2) Latent

representations h(ℓ)
i

from different layers are always compared to the same

reference vectors, which are either the input or output embeddings. However,

it is unclear whether the output or input embedding space is the most natural

representation space to compare against. For example, LogitLens tends to works

best for later layers, closer to the models output embedding space, and reliability

can vary significantly across models (Geva et al., 2021; Belrose et al., 2023).

5.3.2 Method

We propose LATENTLENS, a novel interpretability method for mapping latent

representations to descriptions in natural language. The key idea of LATENTLENS

is that the natural point of comparison for latent representations are other

contextualized LLM representations to serve as potential nearest neighbors,

i.e., a token in the context of a sentence. Additionally, we believe that limiting

the set of descriptions to individual sub-word tokens is unnecessarily restrictive

and instead propose to use a large corpus of multiple-token sequences, e.g.,

sentences, which provides semantically richer descriptions for interpretation.

Concretely, LATENTLENS works as follows (see also Figure 5.2): Let C be a

(large) corpus of sentences and M be an LLM with L layers. We construct a set of

reference vectors R by encoding every sequence d j ∈C with M and storing the

contextualized token representations r(ℓ)
j ,t at every position t of the sequence and

every layer ℓ of the model. To analyze the latent representation h(ℓ′)
i

of a visual

token at position i and layer ℓ′, we compute the cosine similarity between h(ℓ′)
i

3We note that both methods can be seen as unsupervised version of linear probing (Belinkov,
2022), where instead of learning a linear transformation W ∈R

d×k using supervised data, one
relies on the pre-trained embeddding or unembedding matrix.
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and every r(ℓ)
j ,t ∈R, obtain the top-k reference vectors with the highest similarity,

and return their corresponding sequences as descriptions. We note that, in

contrast to EmbeddingLens and LogitLens, LATENTLENS uses several reference

vectors per description, i.e., one for each token of the description and layer of

the model. Therefore ℓ and ℓ′ are not necessarily equal and a top-k reference

vector can come from a different layer than the visual token under inspection.

Following the example in Figure 5.2, a visual token representation h(ℓ′)
i

may

have a nearest neighbor r(ℓ)
j ,t , of the contextualized representation of the token

clocks in the sentence: “stone tower with gold clocks ”. Compared to Embed-

dingLens and LogitLens, LATENTLENS can naturally be applied at every layer of

a model and provides full sentence descriptions, allowing for more fine-grained

interpretations.4

5.3.3 Evaluating interpretability

Determining whether a visual token representation is interpretable requires

careful consideration of what is a semantic match between the description

provided by an interpretability method and the underlying image patch. This is

a complex task, where semantic matches can take many different surface forms.

We use GPT-5 (Hurst et al., 2024) as a judge to automate this process. Given

an image with a red bounding box highlighting the visual token region (cf. Fig-

ure 5.1) plus the 8 surrounding visual tokens, as well as the top-5 descriptions

returned by either EmbeddingLens, LogitLens, or LATENTLENS, we prompt the

judge to determine whether a description is interpretable, and to classify such

cases as concrete (directly visible), abstract (conceptually related), or global

(present elsewhere in image). A visual token is interpretable if at least one of the

top-5 descriptions is classified as interpretable. We, the authors, validate this

judge against human annotations across all three methods (EmbeddingLens,

LATENTLENS, and LogitLens), totaling 1,020 instances. We find substantial agree-

ment between the LLM judge and humans with Cohen’s κ= 0.68. Judge prompt

4While we focus on sentence-level, our approach can be trivially extended to phrases or even
paragraphs.
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Figure 5.2: Illustration of LATENTLENS. (1) Contextualized token represen-
tations are precomputed in multiple layers of an LLM using a large corpus of
descriptions. (2) Latent representations of visual tokens are extracted from all
layers of the LLM, and (3) compared against the precomputed contextualized
token representations. The interpretability of the visual token based on its top-k

descriptions can be automatically evaluated by a VLM-judge.

and details on human annotation are in Section E.3.
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5.4 Experiments

Next, we describe our controlled setup of training projections between dif-

ferent vision encoders and LLMs (Section 5.4.1), interpret visual tokens with

LATENTLENS first in our controlled setup (Section 5.4.2) and afterwards on off-

the-shelf VLMs (Section 5.4.4). We also study to which LLM layers visual tokens

align to (Section 5.4.3) and ablate how the size of the pool of contextual embed-

dings (Section 5.4.5).

5.4.1 Experimental setup
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Figure 5.3: Interpretability of visual tokens across layers using three different

“lenses”. Each curve shows the percentage of interpretable visual tokens per
layer across model. (a) EmbeddingLens: a large number of visual tokens is
interpretable for OLMo variants but less for Llama3 and Qwen2. (b) LogitLens:
low interpretability at early layers with a stark increase at later layers for most
models. (c) LATENTLENS: the majority of visual tokens are interpretable across
all models and layers.

Models and training. Unless stated otherwise, we train the projection func-

tion between different combinations of vision encoders and LLMs using a con-

trolled setup. We use three LLMs (OLMo-7B (Groeneveld et al., 2024), Qwen2-

7B (Yang et al., 2024a), LLaMA3-8B (Grattafiori et al., 2024)), and three vision

encoders (CLIP-ViT-L/14-336 (Radford et al., 2021c), DINOv2-L-336 (Oquab

et al., 2023), and SigLIP-so400M-patch14-384 (Zhai et al., 2023)), resulting in a

total of 9 model combinations. We note that compared to the other vision en-

coders, DINOv2-L-336 was pre-trained without any textual supervision. Models

are trained following Molmo using the PixMo-Cap dataset (Deitke et al., 2025),
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with captions averaging 167 words and 9 sentences each. The trained projector

proj is a 3-layer MLP and all other weights remain frozen. To reduce confound-

ing factors, we directly use the patchified image as the input to each model. All

models are trained for 12K steps with an effective batchsize of 8.

Captioning performance. We verify that our models produce reasonable

captions using DCScore (Ye et al., 2025), a GPT-4o-based judge that rates cap-

tions on a 1–10 scale across fine-grained criteria (faithfulness, detail accuracy,

hallucinations, completeness). Our models average 6.0/10, with CLIP and SigLIP

encoders reaching an average of 6.8 while DINOv2 models score lower at avg.

4.4, likely due to DINOv2’s lack of language supervision during pre-training. For

reference, off-the-shelf Qwen2-VL-7B-Instruct (Wang et al., 2024a) achieves a

score of 8.5/10. See Section E.13.

LATENTLENS setup. We use 2.99M Visual Genome captions (Krishna et al.,

2017) as our corpus C of descriptions. All captions are encoded by each in-

dividual LLM, and we store all contextual token representations for layers ℓ ∈

{1,2,4,8,16,24,L-2,L-1} as reference vectors.5 This encoding is a one-time cost

per LLM backbone: the forward pass through ∼3M sentences takes ∼2h of GPU

compute, with ∼13h total wall time including index building and ∼26 GB of

storage across 8 layers (float8). Once the index is loaded, nearest-neighbor

search takes ∼29 ms per image. We show in Section 5.4.5 that using just 1% of

the corpus yields comparably strong interpretability while reducing storage to

∼250 MB.

LLM-judge setup. Although LATENTLENS retrieves full sentence descriptions,

we only provide the full words corresponding to the top-5 contextualized token

representations as descriptions for the LLM judge. We make this decision for

two reasons: 1) We found that, in contrast to human annotators, the LLM-judge

can get distracted by the sentence-level context, giving inconsistent results. 2)

This setup provides a fair comparison to EmbeddingLens and LogitLens (both

5Due to memory constraints we store at most 20 different contextual representations per
token in the model’s vocabulary.
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only return individual tokens as descriptions) by relying on the same exact judge

prompt across all methods. We note that for LATENTLENS, this approach may

even underestimate interpretability and we further investigate the benefit of

sentence-level descriptions in Section 5.5.

5.4.2 Visual token representations are consistently interpretable

across layers

The main question we investigate is how interpretable are visual token represen-

tations as they are processed by LLMs? To answer this question, we randomly

sample 100 image patches from 100 images6 from the PixMo-Cap validation

set and compare the fraction of interpretable representations for LATENTLENS,

EmbeddingLens, and LogitLens7 using the LLM judge described in §5.4.1.

Results. Figure 5.3 shows the fraction of interpretable visual token represen-

tations according to LATENTLENS, EmbeddingLens, and LogitLens for all models

and layers. For EmbeddingLens (5.3a), we find that a reasonably large number

of visual tokens are interpretable for some models, e.g., for all OLMo-based

variants, 34–62% of visual tokens are interpretable from the input layer onward.

For Qwen2-based models, however, only a small fraction of visual tokens are

interpretable across layers (less than 20%). Llama3-based models fall in between

with 20–50% of the visual tokens being labelled as interpretable.

For LogitLens (5.3b), we find that for all models, less than 25% of visual

token representations are labelled as interpretable at lower layers. For all models

except Llama3 + DINOv2, Llama3 + SigLIP, and Qwen2 + SigLIP much more

visual token representations are interpretable at the later layers, e.g., 60–80% for

all OLMo-based models at layers 24 and 30. This is consistent with the limitation

of LogitLens discussed in Section 5.3, in particular its applicability only for layers

close to the output layer. We additionally compare to Tuned Lens (Belrose et al.,

6To lower API costs, we test 100 patches, resulting in 3 methods×100 patches×9 models×
9 layers = 24.3K calls.

7In Section E.5 we also study an improved version of LogitLens, TunedLens (Belrose et al.,
2023), and find that it does not change our LogitLens results.
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2023), which learns per-layer affine probes on top of the LogitLens decoding

step and find it does not improve visual token interpretability (see Section E.5

for details).

In contrast, using LATENTLENS (5.3c) results in consistently higher inter-

pretability scores across all layers. Moreover, there are only minor differences

in interpretability scores across model combinations: almost all models have

interpretable visual tokens in the range of 60–85% across all layers, with some

OLMo variants dropping to around 53% at the final layer. We perform a series

of ablations (see Section E.4 for details), confirming that our findings are not

tied to our specific training setup. We find no substantial change in LATENTLENS

interpretability when reducing the expressivity of the mapping to linear, or when

training on much shorter captions.

Overall, our results indicate that previous methods underestimate the inter-

pretability of visual tokens and demonstrate the importance of using the right

lens for analyzing latent representations. It is particularly interesting that visual

tokens from DINOv2, with no explicit linguistic supervision, show consistently

high interpretability with all three lenses.8 Returning to our research question

of whether visual tokens appear like interpretable words to the LLM, we can

now answer: While visual token representations are not necessarily mapped

one-to-one to the vocabulary of the LLM, they are often similar to contextual

token representations which are semantically related to the image contents.

5.4.3 Mid-Layer Leap: Visual token representations tend to

align to later layer text representations

LATENTLENS allows us to compare visual token representations at layer ℓ to

contextual token representations from any LLM layer. We now investigate which

latent textual representations are most similar to visual token representations.

Given a visual token representation at layer ℓ, we obtain the top-5 contextualized

8The ability of DINOv2 to predict linguistic attributes of visual concepts has recently been
reported (Oneata et al., 2025).
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token representations with the highest cosine similarity and report the layer

these contextualized representations are obtained from.

Results. Figure 5.4 shows the results of this experiment for all 9 model com-
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Figure 5.4: The Mid-Layer Leap: early visual tokens align to later LLM layers.

For visual tokens at different stages of LLM processing, we compute their top-5
Nearest Neighbors from all other LLM layers. We find that early visual tokens,
even at the input itself, align most to middle layers, e.g., layer 8 or 16. Some
model combinations align most to a constant layer throughout processing, such
as LLaMA3 variants. We analyze the L2 norm distributions and potential outlier
effects in Section E.6.

binations. Surprisingly, visual token representations from early layers, and even

the input layer, tend to have higher cosine similarity not with contextualized to-

ken representations from the same layer but instead with those from later layers.

For example, with OLMo-7B + SigLIP, for visual token representations at layer 0,
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the majority of the nearest neighbor contextualized representations are from

layer 8 of the LLM. Only once we reach mid-layers such as layer 8, we see a diag-

onal pattern where visual token representations are closest to contextualized

representations from the same layer. For other model combinations, results are

even more surprising. For Qwen2-7B + SigLIP, the most similar representations

for visual tokens from any layer are always from layer 16.

Overall, these results suggests that the visual token representations align the

most with more contextualized LLM representations rather than lexical repre-

sentations at the input level. We refer to this as the Mid-Layer Leap phenomenon

and provide additional analyses of this finding in Sections E.6 and E.8, investi-

gating how much visual token representations change across layers and whether

rogue dimensions (Timkey and van Schijndel, 2021) dominate the cosine simi-

larity. We find that visual token representations change very little throughout

layers, and no systematic evidence for rogue dimensions, respectively.
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Figure 5.5: Interpretability of visual tokens across six off-the-shelf VLMs (nor-

malized layer depth). We apply LATENTLENS and baselines to six off-the-shelf
models spanning different architectures and scales. The x-axis shows normal-
ized layer depth (0 = input, 1 = final layer) to enable direct comparison across
models. LATENTLENS outperforms the baselines on all six models.

5.4.4 Results generalize to off-the-shelf VLMs

Finally, we validate that LATENTLENS generalizes beyond our controlled setup

by applying all three lenses to six off-the-shelf VLMs spanning different scales:

Molmo-7B-D and Molmo-72B (Deitke et al., 2025), LLaVA-1.5-7B (Liu et al.,

2024a), LLaVA-NeXT-34B (Liu et al., 2024b), Qwen2-VL-7B-Instruct (Wang et al.,
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2024a), and Qwen2.5-VL-32B-Instruct (Bai et al., 2025).

Results. Figure 5.5 shows interpretability across layers for all six models.
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Figure 5.6: Qualitative examples. Highest-scoring descriptions are extracted
from different combinations of LLMs and Vision Encoders using both LA-
TENTLENS and LogitLens. The described patch is shown with a red outline,
and the magnitude of scores are shown in parentheses. For LATENTLENS, the
contextualized token used for the similarity calculation is shown in bold. Best
viewed in colour.

LATENTLENS consistently achieves the highest interpretability on all six models.

The Molmo models perform best (Molmo-7B-D: 86%, Molmo-72B: 78% aver-

age), consistent with their OLMo backbone being closest to our controlled setup.

Qwen2-VL-7B-Instruct and LLaVA-1.5-7B reach 55–62% on average, while the

larger Qwen2.5-VL-32B-Instruct and LLaVA-NeXT-34B are lower at 33–35%9,

though still substantially outperforming the baselines when averaged across

all layers. EmbeddingLens and LogitLens typically reach 11–35% average inter-

pretability, with the exception of EmbeddingLens on Molmo-72B (70%), also

likely due to the OLMo backbone. We also verify that all six off-the-shelf models

exhibit the same Mid-Layer Leap phenomenon observed in the controlled setup;

see Section E.9 for heatmaps.

9It will be interesting for future work to explore why larger models have less consistent trends
across layers
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5.4.5 Corpus size sensitivity

A natural question is how sensitive LATENTLENS is to the size of the corpus

used to build the contextual embedding index. We ablate this by randomly

sub-sampling from the full contextual embedding pool at rates of 0.1%, 1%

and 10%. This is done across three model pairs (OLMo+CLIP, LLaMA3+SigLIP,

Qwen2+DINOv2), measuring average interpretability across representative lay-

ers (0, 8, 16, 31). As shown in Table 5.1, interpretability drops meaningfully only

below 1% (∼58% avg.), while the difference between 1% and the full corpus is

small in practice (67% vs. 72% on average). Intuitively, a smaller corpus does

not change whether a token is interpretable but it reduces the precision and

granularity of the descriptions, since fewer sentence contexts are available to

match against.

Table 5.1: Corpus size sensitivity. Average % of interpretable visual tokens
(LATENTLENS) for three model pairs and layers 0, 8, 16, 31. The difference
between 1% and the full corpus is small.

Corpus size Avg. % interpretable

0.1% 58.4
1% 67.3
10% 72.5
100% 71.6

5.5 Qualitative results

The previous section showed that under the right lens, visual token represen-

tations are highly interpretable. Here, we provide qualitative examples for the

interpretability provided by LATENTLENS, and compare to LogitLens.

LATENTLENS vs. LogitLens descriptions. Figure 5.6 shows qualitative ex-

amples of the highest-scoring descriptions for two image patches extracted

using LATENTLENS and LogitLens (see Section E.14 and our interactive demo for

additional examples). LATENTLENS descriptions are semantically more mean-
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ingful than those of LogitLens. For example, even when LogitLens yields some

interpretable tokens at a late layer on a patch of a church tower (first row), LA-

TENTLENS provides highly accurate nearest neighbors across all layers such as

“large tower with clocks ”. We also note that for LATENTLENS, the magnitude of

the cosine similarity typically increases at deeper layers, i.e., the visual token

representations become more similar to their textual nearest neighbors. For

LogitLens, on the other hand, a higher similarity score (logit) does not neces-

sarily translate into more interpretable descriptions. Furthermore, LogitLens

descriptions often include unrenderable tokens, subwords, punctuation, and

unrelated non-English tokens in Chinese. With LATENTLENS, however, we can

simply merge the top matching token into a full word with adjacent subwords

(since we have access to the entire sentence), if necessary, such as “b + elf + ry”

into “belfry”. Overall, these examples highlight the advantage of LATENTLENS:

full-word and even sentence-level descriptions are more interpretable than

subword tokens. We quantify this full-sentence advantage in Section E.11.

Visually rendered text. Images containing rendered text yield consistently

LatentLens:
(L16) .the couch acon tomato iro cafe

LogitLens:
(L30)

couch
Couch
...

es
potato

...
Tom

Tomato
...

e
ato
...

Cafe
cafe
...

"
&
...

Figure 5.7: LATENTLENS vs. LogitLens results on rendered text for OLMo +

CLIP ViT-L/14-336. LogitLens predicts plausible next tokens. We omit the
surrounding sentence-level context for simplicity of visualization.

interpretable results when using LATENTLENS. In Figure 5.7, we show an exam-
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ple for OLMo-7B + CLIP ViT-L/14-336. With LATENTLENS, the highest scoring

contextualized representations correspond exactly to the words in the image.10

When using LogitLens, on the other hand, we observe plausible next-token

predictions which do not necessarily indicate what the visual token intrinsi-

cally encodes. For example, on the visual token where LATENTLENS predicts

couch , LogitLens would predict es or potato instead. In other instances,

LogitLens would even apply “correct” next-token-prediction on the rendered

text and predict Tomato .

5.6 Related Work

We situate our work in the literature on understanding the mapping between

vision and language models, the interpretability of VLMs, and analysing LLM

representations.

Connecting (frozen) vision and language models. Several works have shown

that LLMs can easily be adapted to process multimodal inputs (Tsimpoukelli

et al., 2021; Mañas et al., 2023; Merullo et al., 2023; Lu et al., 2022), e.g., via small

MLP or attention-based modules. Current state-of-the art VLMs (Yang et al.,

2025; Deitke et al., 2025; Li et al., 2025a) follow the same mapping paradigm but

include more sophisticated image token pre-processing, adaptation training

stages or connector designs. Some works, in spirit related to us, have also

explored representing visual tokens explicitly as a weighted sum of the LLM

vocabulary (Liao et al., 2025; Masry et al., 2025) or as discrete tokens (Chan

et al., 2024), instead of a vanilla MLP projector. Various works study why an

LLM can so easily adapt to non-linguistic inputs: Lu et al. (2022) frame LLMs

as “universal computation engines” that can process any data sequence with

minimal weight updates. Patel and Pavlick (2022) argue how LLMs, only trained

on language, nonetheless learn implicit world models of the physical world, e.g.,

of color RGB spaces. Han et al. (2025) disentangle the visual priors learned during

LLM’s text-only pre-training into perception and reasoning priors. Our setup

10For DINOv2, we would see generic words, e.g., “screenshot”.
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of understanding the frozen alignment between vision and language models

is most similar to (Merullo et al., 2023), (Lu et al., 2022) and (Shukor and Cord,

2024), all of which explicitly keep the LLM frozen to characterize how vision

integration is nonetheless possible.

Interpreting VLMs. Various interpretability methods, often initially devel-

oped for unimodal models (nostalgebraist, 2020; Cunningham et al., 2023; Be-

linkov, 2022), have been applied to VLMs (Neo et al., 2025), e.g., to character-

ize cross-modal concepts (Papadimitriou et al., 2025), cross-modality circuits

(Nikankin et al., 2025), and the role of attention mechanisms in extracting in-

formation from visual tokens (Neo et al., 2025; Zhang et al., 2025). Most closely

related to us are works that ask what a given visual token encodes in VLMs.

Aside from training-based approaches like probes on visual tokens (Fu et al.,

2025), many approaches leverage the inherent embedding space of the LLM to

interpret visual tokens: E.g., Mokady et al. (2021) and Jiang et al. (2025a) study

whether the LLM embedding matrix can interpret visual tokens, but only show

qualitative examples on 1-2 models. LogitLens has been more widely used to

interpret visual tokens at later LLM layers and applied to reduce hallucinations

(Neo et al., 2025; Jiang et al., 2025b; Shukor and Cord, 2024; Park and Li, 2025;

Wu et al., 2025). However, these works often involve either only small studies

to quantify the interpretability via LogitLens, or only few models and with a

closed set of object classes as labels. Overall, neither of these works compare the

interpretability via the embedding and unembedding matrix (Logitlens). To the

best of our knowledge, no prior work has considered contextual embeddings for

this purpose. Notably, Phukan et al. (2025) leverage the average intermediate

contextual embedding of the generated answer to mitigate hallucination on VQA.

They do not investigate the interpretability of visual tokens, and only rely on

contextual embeddings from a single generated output (not a large collection).

Past work also leverages a pool of text descriptions to interpret image tokens

or contributions of model components in CLIP (Chen et al., 2024; Gandelsman

et al., 2024).
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Another fundamental question is how vision and language embedding

spaces relate to each other, such as characterizing a fundamental “modality gap”

(Liang et al., 2022; Jiang et al., 2024a) or narrow-cone effects (Shukor and Cord,

2024) in models. Our findings can also broadly be seen as further evidence for a

high structural similarity of vision and language representation spaces (Li et al.,

2024b), coined as the Platonic Representation Hypothesis (Huh et al., 2024).

Representations in LLMs. Prior work has investigated how other non-

discrete tokens (i.e., soft prompts) or intermediate states are represented in

LLMs. Soft prompts have been found to sometimes showcase interpretable

neighbors, albeit generic concepts only broadly related to the task (Lester et al.,

2021). Bailey et al. (2023) challenge this view of soft prompts as “word-like” units.

Hidden representations and contextual word embeddings in language models

have been extensively studied along axes such as layer evolution (Voita et al.,

2019; Aken et al., 2020), embedding geometry (Ethayarajh, 2019) and seman-

tics such as word sense disambiguation (Peters et al., 2018; Eyal et al., 2022;

Wiedemann et al., 2019; Chang and Chen, 2019). Notably, Eyal et al. (2022) also

leverage a large index of contextual word embeddings linked to the sentence

they occurred in.

5.7 Discussion and Conclusion

In this work, we established that visual tokens are consistently interpretable

across LLM layers, even at the input to the LLM. The ability to find interpretable

visual tokens relies on using contextualized textual token representations, in-

stead of the input or output embedding layers of the underlying model. Our

findings challenge the inconclusive results of previous work in a systematic

study across interpretability methods, models, and layers.

These results also help explain why connecting separately trained vision

encoders and LLMs requires only minimal weight and architecture updates. For

example, one piece in the puzzle for explaining this straightforward mapping

is our Mid-Layer Leap observation: visual tokens at the input are already aligned
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with semantic intermediate language representations (e.g., layers 8–16), rather

than word-level embeddings.

Broadly, it is a long-standing goal to understand the relation between the

physical world and abstract symbolic processing, both in human cognition (Har-

nad, 1990) as well as AI systems (Huh et al., 2024; Bisk et al., 2020a). Our empirical

study contributes toward understanding how visual and linguistic representa-

tions interface in neural systems, and to what extent we can find isomorphisms.

We foresee many exciting avenues for future work. A fundamental question

is to what extent vision and language representations share deeper structural

similarities beyond interpretability. LATENTLENS may extend beyond VLMs

to other non-linguistic tokens such as soft prompts (Lester et al., 2021), latent

thinking (Hao et al., 2025), or speech (Ògúnrèmí et al., 2025). It could also be

applied to natively multimodal models (Team, 2024; Zhou et al., 2025; Team

et al., 2023) or refined as a tool with a dynamic corpus.11 In terms of downstream

implications, we see promise in mitigating hallucination (Jiang et al., 2025b), as

well as causal ablations investigating how interpretable vs. non-interpretable

visual tokens affect task performance.

Limitations

We acknowledge several limitations of our approach. First, LATENTLENS requires

pre-computing and storing a large corpus of contextual embeddings, which

incurs storage overhead compared to methods like LogitLens that rely solely on

model weights. Second, our interpretability judgments may be influenced by the

Visual Genome corpus of sentences used for contextual embeddings. Third, we

crucially have not studied how or if certain LATENTLENS interpretations affect

the downstream behavior of the VLM. Finally, while we study 15 VLM configura-

tions, our findings may not generalize to architectures that differ substantially

from the transformer-based models we analyze.

11We present an initial exploration of this in Section E.12
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6
Discussion

This chapter first summarizes the contributions of each paper from the perspec-

tive of 2026: In retrospect, what were the key contributions of each paper and

what aspects stood the test of time? How was the published work further used

and expanded on, either by other researchers or myself? Then, in Section 6.6, I

will envision future directions for the field of vision-and-language focusing on

the theme of unification as well as interpretability. I will also reflect on what

fundamental challenges still remain for the field, despite regular model releases

with increasingly general and multimodal capabilities.

6.1 The Difficulty of ImageCoDe

Recap

The ImageCoDe task introduced in Chapter 2 is built around a two-player crowd-

sourcing game in which one annotator describes a target image such that a
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second can identify it from ten candidates drawn from nearby video frames. This

design yields visual minimal pairs with a uniquely strict definition of minimal-

ness, and naturally elicits a diverse range of vision-and-language phenomena

without explicitly prompting annotators. All models fell far short of human

performance: zero-shot CLIP reaches 22.4% and fine-tuned models stay below

30%, against a human ceiling of 90.8%.

Key Contributions in Retrospect

IMAGECODE is unique among vision-and-language datasets in its operational-

ization of visual minimal pairs: by sourcing candidates from video frames rather

than curated static images, it achieves a stricter definition of minimalness than

most prior or concurrent work (Thrush et al., 2022b; Wang et al., 2023b; Awal

et al., 2024; Suhr et al., 2019). Moreover, most popular vision-and-language

datasets at the time provided generic, and often short, captions of an image.

ImageCoDe’s captions are much longer (often several sentences) and are highly

context-sensitive: capturing the pragmatics of the two-player game and the

diverse visual and temporal context of the nine distractor images.

One contribution that has aged particularly well is the long-term difficulty of

the benchmark, thus continuously measuring progress of vision-and-language

models. In AI, benchmark saturation within a year of publication is a common

issue, yet even recent frontier models that I tested while writing this thesis fall

short of human performance on ImageCoDe: On the original ten-image task, the

hardest setting, the latest frontier models remain far from humans: on a random

sample of 150 validation examples,1 Gemini 3.6 Flash and Gemini 3.1 Pro reach

only 68% and 61% accuracy overall, against a human ceiling of 90.8%. Consistent

with the original paper, this difficulty is concentrated in video frames: accuracy

on the video subset falls to 63% and 56% respectively, whereas static-image

examples are nearly solved (100% and 95%). Notably, the larger Gemini 3.1 Pro

1I evaluate on a random sample of 150 validation examples, presenting all ten candidate
images together and asking the model to select the target frame; setup and code at https:
//github.com/mcgill-nlp/imagecode.
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does not surpass the smaller Flash model on this task. We note that alternative,

more model-friendly formats are possible: presenting all ten images at once may

overload the model’s context, and requiring it to output a frame number may

not be the most natural response format. Nonetheless, this setup reflects the

most widespread way these models are used today, through their chat interface,

and therefore represents a typical interaction a user would have on a task like

IMAGECODE with frontier models.

What is now outdated. With papers as “old” as ImageCoDe in our fast-moving

field, it is also fruitful to reflect on which aspects are now considered outdated.

The community standard is now to evaluate in out-of-distribution zero-shot

settings, so releasing a train-validation-test split is no longer the norm.

Impact of ImageCoDe

Since IMAGECODE’s release in 2022, several works have built on top of it: Ou

et al. (2023) generate RSA-based pragmatic captions on our data; Gaur et al.

(2025) reach the current captioning state-of-the-art of 37.9%; Dessì et al. (2022)

show that neural captioners develop non-human-interpretable communication

patterns that a CLIP-listener can exploit; and the training split has been incor-

porated into LLaVA-OneVision (Li et al., 2024a) and Mantis (Jiang et al., 2024b).

Related contributions around minimal pairs (Awal et al., 2024) and multi-image

reasoning (Ross et al., 2026) have since followed.

Where did the field move from here? With the impressive progress of LLMs,

we can ask which of the two modalities is holding back vision-and-language

understanding. The language aspect is closer to “solved”: text-only composi-

tionality, long coherent generation, many-turn dialogue, pragmatic and intent

understanding (OpenAI, 2024; Akhtar et al., 2026; Ruis et al., 2023). Hence, we

see a shift towards benchmarks that test pure perception (without any complex

language component) in multi-modal LLMs, such as Blink (Fu et al., 2024) or

IntPhys 2 (Bordes et al., 2025). Despite early awareness of models relying on

text-only shortcuts such as on the original VQA task (Goyal et al., 2017b), studies

108



regularly expose the very same issues in subsequent benchmarks and evaluation

protocols (Hsieh et al., 2024; Asadi et al., 2026; Krojer et al., 2025).

After static image tasks posed the main challenge for many years, videos are

emerging as the next major challenge, closing the gap to the kind of perceptual

and temporal data children are exposed to: moving scenes that capture richer

semantics of the physical world (Zellers et al., 2022). While video models at the

time of ImageCoDe were tested on simpler videos and actions (Xu et al., 2016; Ji

et al., 2020), often in practice resorting to single-frame biases (Lei et al., 2023),

we have seen recent progress on harder and more genuine tests of video under-

standing such as intuitive physics (Assran et al., 2025). It is nowadays common

for strong multimodal models to support multi-image input (Yang et al., 2025;

Team et al., 2024) but ImageCoDe’s set of 10 candidate images still constitutes a

relatively large and challenging visual context. Finally, after the release of the

ImageCoDe task, a related line of work picked up momentum: visual search

guided by an LLM reasoning process (Wu and Xie, 2023). On the other hand,

fields such as visually-grounded pragmatics and emergent communication did

not gain much traction after early interest during the pre-LLM era (Andreas and

Klein, 2016; Lazaridou et al., 2018).

6.2 Progress in Text-Guided Image Editing

Recap

In Chapter 3 we presented AURORA as a combination of curated training data, a

capable image editing model and a benchmark. We fixed two aspects of the data

on which image editing models are trained: First, the data focuses on simpler

object and attribute edits, so models performed poorly on temporal actions

and physical reasoning. Second, we identified noise issues in existing training

examples (image pairs and a prompt) where too many changes are depicted

in the target image compared to what the prompt demands. Our final model

is trained on more than 280K minimal-change examples, spanning actions

and reasoning, and exceeds existing models at the time on more challenging
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temporal and spatial edits.

Key Contributions in Retrospect

At the time of publication, AURORA addressed a real issue with image editing

models: general text-guided image editing models were largely limited to object-

and attribute-level changes, because action- and reasoning-centric training

data was hard to curate well. Together with concurrent work (Souček et al.,

2024; Black et al., 2024), we added evidence that videos (even naive selection of

first and last frame of the video) can provide rich supervision for image editing.

The primary contribution is data-centric: by carefully curating minimal pairs

from videos and simulation engines, we demonstrated that such edits can be

learned, and that the data bottleneck was a major initial obstacle rather than the

architecture. Our evaluation insights around hackable metrics have aged well:

judging fine-grained semantic details of generated or edited images remains

non-trivial (Ku et al., 2024).

What is now outdated. As a model, AURORA’s performance on action-centric

editing is now far behind recent image editing models (Deng et al., 2025) and

closed-source general-purpose ones (Team et al., 2024). However, predicting

how a scene changes based on actions and physical dynamics is still a challenge,

compared to stylistic or object identity changes. We illustrate this in Figure 6.1

with Gemini 2.0 Flash on an AURORA-Bench example where models in our study

failed: While the model is now moving the correct hand in the correct direction

without any visual artifacts, it still fails to put it exactly where one would turn on

a faucet.

How Was AURORA Used? Where Did the Field Go?

Edits that require an understanding of real-world dynamics (actions, physics,

causality) remain hard, and AURORA paved the road for further progress in this

direction, while also being used as training data for unified generative models

(Tong et al., 2025; Ahmadi et al., 2026). The idea of using video frames as a

source of training data was explored in concurrent as well as subsequent work
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Input Gemini 2.0 Flash Output

Instruction: "Turn on the water tap with the left hand"

Figure 6.1: An AURORA-Bench example (EPIC-Kitchens subset) edited by Gem-
ini 2.0 Flash.

(Souček et al., 2024; Black et al., 2024; Mahajan et al., 2025). As video generation

models become more capable, recent work explicitly generates the whole video

as intermediate reasoning steps to arrive at the final edited image (Wiedemer

et al., 2025; Rotstein et al., 2025), instead of implicitly leveraging video frames

only as training signal. Moreover, the focus of image editing community has

shifted from simple edits to various forms of reasoning such as reasoning about

abstract knowledge or logic (Deng et al., 2025; Zhao et al., 2026).

More broadly, action- and reasoning-centric image editing connects to a

deeper problem: world modeling, i.e., predicting the next observation after an

action is taken. AURORA’s form of image editing can be seen as one-step control-

lable video generation, which in turn can serve as a generative world simulator

(Yang et al., 2024b; Xiang et al., 2024; Zhou et al., 2024). It is a highly debated

question to what extent learning to generate next frames (video generation)

leads to a consistent physical world model (Yang et al., 2024b; Kang et al., 2025;

Bansal et al., 2025).
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6.3 Unifying Visual Understanding and Generation

Recap

With DiffusionITM in Chapter 4, we empirically showed that an image generation

model can implicitly also act as a discriminator, and thus a vision-and-language

understanding model. Concretely, we interpret the noise prediction objective

of Stable Diffusion (Rombach et al., 2022) as a score for how well an image

and text semantically match (ITM). Our method not only enabled text retrieval

settings but also image retrieval, and we further improve DiffusionITM with

a novel hard-negative finetuning approach. Across 8 diverse benchmarks for

vision-and-language understanding, we show that an image generation model

can be on par with CLIP (Radford et al., 2021a). Our study thus enables a direct

comparison between generative and discriminative modeling paradigms on the

same vision-and-language benchmarks.

Key Contributions in Retrospect

Our study was motivated by public excitement around the seeming composi-

tionality of DALLE-2 with its famous “avocado chair” example (Heaven, 2021;

Hill, 2022). However since it was non-trivial to systematically evaluate such a

capability, an approach like DiffusionITM was needed to ground the debate in

experiments: A model like Stable Diffusion can perform similarly to existing

models on a compositionality benchmark like Winoground (Thrush et al., 2022a)

but not significantly better. For a brief period, very similar research questions

as ours received excitement from the community: How can we leverage the

impressive capabilities of Stable Diffusion and Co. for other tasks in computer

vision and multimodality (Li et al., 2023a; Jaini et al., 2024; Burgert et al., 2022)?

While this excitement faded, the broader question motivating DiffusionITM

has remained central to the field: Visual understanding and generation have

historically relied on separate encoder representations and architectures (e.g.,

CLIP for discrimination and as input for LLM captioning, VAEs for generation),

but can we unify them? Two additional aspects of the DiffusionITM contribu-
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tion had potential to have long-term impact but never gained momentum: a)

finetuning diffusion models with more understanding-based objectives and b)

automatically evaluating the understanding capabilities of generative models

via discriminative tasks.

What is now outdated. Broad adoption of diffusion representations for un-

derstanding tasks has not materialized. Extracting useful representations from

diffusion models is in practice finicky since design choices such as at which

denoising timestep to extract features matter significantly. The field has moved

instead toward explicit joint representation learning (Zheng et al., 2026) and

architectures (Team, 2024) that unify understanding and generation from the

ground up, rather than repurposing generation models post-hoc. To get the

best of both worlds for visual understanding and generation, models are now

often trained with diffusion and autoregression objectives in parallel (Zhou et al.,

2025; Tong et al., 2026).

How Was It Used? Where Did the Field Go?

Post-publication, harnessing diffusion representations for downstream tasks

remained an active thread: Qu et al. (2024) directly built on our discriminative

finetuning of Stable Diffusion and used it to improve generation; Burgert et al.

(2022) repurposed Stable Diffusion as a segmentation model; and Jaini et al.

(2024) found that generative classifiers exhibit human-like shape bias, in contrast

to their discriminative counterparts.

Yet as the original paper captures, the Generative AI Paradox (West et al.,

2024) applies here: our results show that diffusion models converted to discrimi-

nators do not consistently outperform CLIP on compositional ITM tasks, and

newer generation models (e.g., SD-XL (Podell et al., 2024)) sometimes perform

worse despite better image quality. Being able to generate does not straight-

forwardly imply being able to discriminate or reason, which has held up as a

recurring theme in the field.
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6.4 Interpreting Multimodal Representations in LLMs

Chapter 5 contains my most recent publication (Krojer et al., 2026), accepted at

ICML 2026 just before the completion of the thesis. So it is yet to be seen how

the tool we proposed (LatentLens) will be used and where the field will move.

Thus instead of following the structure of the above three sections, I will solely

reflect on the key contributions and speculate on potential impacts.

Key Contributions

The central contribution of LATENTLENS is a training-free interpretability

method for visual tokens in multimodal LLMs. Rather than comparing visual

token representations against the LLM’s static embedding or unembedding

matrices (as with established EmbeddingLens and LogitLens), LATENTLENS

retrieves nearest neighbors from a contextual representation space constructed

from tokens at the LLM’s intermediate layers. This change of comparison space

substantially increases how many interpretable visual tokens we can find: while

prior methods label only 23–30% of visual tokens as interpretable, LATENTLENS

reveals that the majority (72% on average) are interpretable, consistently across

models and layers. LogitLens is one of the most widely used tools in (mecha-

nistic) interpretability (nostalgebraist, 2020) and has specifically been applied

to probe visual representations (Jiang et al., 2025b; Neo et al., 2025; Kim et al.,

2026). Showing that such a widely used tool can substantially underestimate the

interpretability of tokens is a key insight for practitioners and researchers in the

“science of LLMs”. A second notable contribution is the breadth of evaluation

across model configurations. Many interpretability studies draw conclusions

from one to three models, which limits the generalizability of findings. Our study

instead evaluates across a 3×3 grid of vision encoder and LLM combinations,

runs extensive training ablations, and probes six off-the-shelf VLMs. The stark

differences we observe across these configurations, especially with our baselines

EmbeddingLens and LogitLens, underscore that interpretability findings can

be highly model-specific, and that results from a narrow set of models do not
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reliably generalize. On other hand, our breadth of evaluation settings now allows

us to be confident that LatentLens, in contrast to our baselines, works in most of

the settings.

Future impact and applications.

So far, Chapter 5 provides concrete evidence that LatentLens outperforms tools

like Logit Lens (nostalgebraist, 2020) for image inputs to LLMs. An exciting

future question is whether LatentLens will outperform or complement Logit

Lens in more scenarios beyond images, either on text tokens themselves or

on other types of non-textual tokens. Two recent pre-prints have already suc-

cessfully adopted LatentLens, either for interpreting compression tokens for

extracting embeddings from LLMs (Adlakha et al., 2026) or gender bias in VLMs

(Marin-Llobet et al., 2026). My ongoing follow-up work is further investigating

what insights LatentLens can provide across various other settings where LLMs

process non-discrete tokens: audio (Chu et al., 2024), videos (Clark et al., 2026),

latent thinking tokens (instead of verbalized Chain-of-Thought) (Zhang et al.,

2026), VLA action tokens (Kim et al., 2024), soft prompting (Lester et al., 2021) or

spatial pointer tokens (Su et al., 2026).

Finally, interpretability has grappled for many years with questions of faith-

fulness (Saphra and Wiegreffe, 2024; Wiegreffe and Pinter, 2019): If a study

claims that a model is solving a task or representing a concept in a certain way,

is this merely a by-product or causally and systematically affecting final model

outputs? Our LatentLens method is promising and similar in principle to Logit

Lens, which has been applied successfully to steer model behavior (Jiang et al.,

2025b). However, future work still needs to convincingly prove the faithfulness

of LatentLens.

6.5 Takeaways and Limitations Across the Thesis

The main theme of this thesis is the deep integration of vision and language in

AI models. However, the term integration is deliberately kept broad, and fully

characterizing it involves many facets. Various aspects of the ImageCoDe task
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in Chapter 2 arguably require deep modality integration, if one considers how

a human might solve such problems: Our representations of the visual input

are highly dependent on the task and language input, i.e., depending on the

contextual description and what we know about the guessing game setup, we

would focus on different images and different parts of each image. In contrast,

many models at the time such as CLIP (Radford et al., 2021a) or today’s models

(Liu et al., 2023; Wang et al., 2024b) encode these images statically. A human

would also integrate the modalities during their reasoning, starting with an initial

guess based on the description, zooming into parts of the images, going back and

forth between description and vision, and so on. Thus, ImageCoDe was a good

starting point to quantify various aspects of how a model with deep integration

should behave. However, Chapter 4 showed that even newer generative models

still struggle on many tasks similar to ImageCoDe. Here, similar to Chapter 3

on image editing, we study deep integration by unifying traditionally separate

paradigms in vision-and-language: visual understanding (often more language-

centric) and visual generation (often more vision-centric). Finally, Chapter 5

approaches the deep-integration question head-on: Are the models internally

representing vision and language inputs in some kind of shared representation

space? With LatentLens, we find that visual tokens, processed by LLMs, are more

interpretable as language than previously thought, with even strong alignment

in the earliest LLM layers.

Beyond the primary question of modality integration, we can identify several

secondary takeaways: Across three of the four papers (Chapters 2 to 4), the most

fruitful idea is isolating one meaningful variable at a time via minimal pairs:

It allows testing genuine skills more reliably (Chapters 2 to 4) and can serve

as a clean supervision signal (Chapters 3 and 4). Curating such minimal pairs,

especially when minimally changing visual aspects, is non-trivial and can in-

volve extensive crowdsourcing efforts, e.g., when collecting the ImageCoDe and

AURORA datasets. In both cases, video frames were rich sources of meaningful

minimal changes.
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Limitations. Considering the fast pace of our field since the beginning of this

thesis in 2021, one should also reflect on broader limitations and outdated

aspects of the thesis as a whole:

• A more systematic treatment across paradigms. The question of modality

integration could have been tackled more uniformly across architectures:

for example, applying a LatentLens-style analysis not only to multimodal

LLMs but also to natively unified models such as Chameleon (Team, 2024)

or Emu3 (Wang et al., 2024c), as partially explored by Serra et al. (2025).

• A more behavioral formalization. In ImageCoDe, integration could have

been pinned down more precisely at the behavioral level: which sub-

skills genuinely require deep integration, and which could be solved by

shallower models?

• Reasoning- and tool-augmented models. Today ImageCoDe would be

studied with chain-of-thought models and agents capable of zooming or

tool use, rather than the single-pass models of its time.

• The shift from IID to OOD evaluation. Training and testing ImageCoDe

and AURORA on their own in-distribution splits is now outdated, as the

community has largely moved to out-of-distribution evaluation, with the

caveat that current models may have seen many academic benchmarks

during pre- and post-training.

• Scale. None of the papers focus on scalability: do larger models fare better

on these tasks, does collecting ever more video frames keep improving the

AURORA editing model, and how does the interpretability measured by

LatentLens change with larger or newer models? We only slightly touch

on the last question in Chapter 5, finding some evidence of reduced inter-

pretability in larger models, though not conclusively.
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6.6 A Roadmap for the Field

When motivating this thesis in Chapter 1, I observed that the field is far from

converging on the best way to unify vision and language in a single model

(illustrated in Figure 1.1). Compared to LLMs, where the field is seemingly

more settled on its modeling paradigm, here we are faced instead with a myriad

of scientific questions and practical choices. With this in mind, I will lay out

a roadmap for the future of multimodal models, with emphasis on how to

improve and measure integration of modalities (exemplified by recent unified

modeling efforts (Team, 2024; Tong et al., 2026)), how we can scientifically study

model internals as well as what interpretability toolkit is needed to study these

multimodal questions.

Are we on the right path for unified models? This is the foundation on which

the other parts of the roadmap rest. We need more systematic studies ablat-

ing the various aspects of unified modeling to understand the trade-offs: 1)

Should we train from scratch on multimodal data or benefit from already strong

unimodal backbones that we can post-hoc align? 2) How do we combine autore-

gression and diffusion in a single sequence of multimodal tokens? 3) To what

extent should we share weights across modalities or instead reserve specialized

weights for each one? Recent principled studies that explore this design space

and multimodal scaling laws (Tong et al., 2026; Shukor et al., 2025) are a step in

the right direction, albeit computationally nearly impossible on a purely aca-

demic budget. With recent releases of “partially” unified models (Deng et al.,

2025; Liang et al., 2025), it remains an open question whether full unification

is simply infeasible or whether we merely lack key insights about how vision

and language representations interact. The ultimate check for whether unified

models are actually unified will be whether the learned representations and

mechanisms (e.g., circuit discovery from mechanistic interpretability (Conmy

et al., 2023)) are unified according to certain metrics of embedding spaces or

overlap (Serra et al., 2025; Nikankin et al., 2025). These metrics would measure,
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on a high level, whether concepts and computations are implemented cross-

modally or some modality-agnostic way rather than in separate subspaces. Tools

in the spirit of LatentLens (Krojer et al., 2026) will be essential for measuring

this.

Downstream of more unified models. Once we have models with more unified

representations and internal machinery, two concrete downstream capabilities

become more tractable. First, unified representations should enable better mul-

timodal embedding extraction. Here, the concrete challenge is to summarize a

large context (e.g. a document) of interleaved text and vision tokens into a single

vector, as required for retrieval tasks (Jiang et al., 2025c). Second, multimodal

chain-of-thought reasoning (Bigverdi et al., 2025; Li et al., 2025b) will become

more seamless when such reasoning can be conducted over an underlying rep-

resentation space that is more unified and less text-centric. Imagine a model

that can flexibly choose the most suitable token type at each reasoning step

(text, visual, latent, audio tokens) rather than being constrained to purely textual

reasoning traces (Su et al., 2025). This would be particularly helpful for tasks

such as ImageCoDe (Krojer et al., 2022) from Chapter 2, where the model has to

go back and forth between visual context and language, such as zooming in and

considering and comparing different counterfactual images.

Synergy. In contrast to the more internal, representational signs of unification

discussed above, perhaps the most compelling validation would come from

strong behavioral evidence of synergy in both directions: Joint training on vision

and language should benefit each modality more than training on either alone.

It is well-established that language helps vision such as CLIP’s improved image

classification due to language supervision (Radford et al., 2021a), or more recent

open-ended image segmentation (Kirillov et al., 2023). However only sparse

evidence exists for the other direction of synergy, perceptual grounding help-

ing language understanding (Zhuang et al., 2024; Qin et al., 2026; Tong et al.,

2026). Based on intuitions from human learning where grounding in a physical

environment is critical for language (Bisk et al., 2020a), we would expect that
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joint training with vision would also lead to better language performance, for

example on physical commonsense (Bisk et al., 2020b). Monitoring the training

dynamics of joint multimodal training would allow us to measure if and how

such synergies emerge (Team, 2024).

The dynamics of the world. Truly understanding the physical world goes far

beyond static images, and might require learning an internal world model, i.e.,

predicting the next physical state given an action on the previous state (Ha

and Schmidhuber, 2018; Assran et al., 2025). Arguably, many physical concepts

may not even be easily expressed in language: Captioning a static image or

answering questions with language-expressible concepts works well within the

current multimodal LLM paradigm, but it is less clear that this equally applies

to reasoning about intuitive physics or modeling the continuous dynamics of

a scene (Garrido et al., 2025; Krojer et al., 2025). Understanding how intuitive

physics and world models are implemented in the weights of video models is

therefore a next major scientific question (Joseph et al., 2026), and language may

play a smaller role here than it does for static image understanding. This in turn

suggests that we may need very different interpretability approaches to study

world modeling, outside the LLM- and safety-driven mainstream approaches of

mechanistic interpretability (Elhage et al., 2021; Rai et al., 2024). This direction

connects back to work presented in this thesis, where we found that videos

provide a rich learning signal and unique reasoning challenges (Chapters 2

and 3).

Interpretability tools tailored for multimodality. All of the above directions

require a reliable interpretability and analysis toolkit that can facilitate scientific

insights across many modalities and modeling paradigms. LatentLens in Chap-

ter 5 or DiffusionLens (Toker et al., 2024) for text-to-image models were steps

in this direction: the dominant interpretability tool developed with text-only

LLMs in mind, such as Logit Lens (nostalgebraist, 2020), needed to be revised for

non-LLM contexts. As the field moves towards models and paradigms that are

natively multimodal, many more steps towards modality-general interpretability
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tools are needed. While this is challenging, it is also exciting for the field of inter-

pretability. We can now pose questions that were not conceivable in uni-modal

models: Which parts (e.g. circuits) of the model specialize on modalities, and

which are modality-agnostic (Nikankin et al., 2025)? How do models handle

and prioritize conflicting evidence from different modalities (Chen et al., 2026)?

And which concepts will be represented in their unique modality space vs. in a

shared abstract space?
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7
Conclusion

Across four papers, this thesis approached the deep integration of vision and

language from three angles: evaluation, modeling, and interpretability. Over

the span of this thesis (between 2021 and 2026), multimodal capabilities and

the focus of the field have progressed immensely: We can now converse about

minute visual details of any image with a chatbot and, in the same interaction,

also ask it to generate novel images, usually involving some form of composi-

tionality or reasoning (Team et al., 2024). In Chapters 2 and 3 our evaluations

highlighted the challenges models at the time faced when reasoning over vision

and language together. Yet even to this day, many fundamental failure modes

and shortcuts persist (Asadi et al., 2026; Fu et al., 2025). In Chapter 4 we devel-

oped DiffusionITM, which enables an image generator to also act as an image

understanding model. While this particular paradigm did not mature, the quest

to “unify everything” in one model is still far from solved (Tong et al., 2026).

Finally, in Chapter 5 our interpretability method (LatentLens) revealed how
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visual tokens are interpretable as language in the LLM embedding space. Yet, we

still know very little about the exact internal mechanisms of unifying vision and

language, and the field of interpretability is still debating the very foundations of

what it studies: what does it mean for a token to be “interpretable”, for a circuit

to be meaningful, or for a model to “represent” a concept at all (Lipton, 2018;

Sharkey et al., 2025)?

Stepping back, how vision and language relate inside a model raises ques-

tions that go far beyond engineering: What are perception and language (for

humans and for AIs), beyond their clearly different surface form of either pixels

or words? Could reasoning eventually take place in a fully cross-modal latent

space? And how might all this ultimately bring us closer to a truly embodied,

grounded understanding of the world? This thesis is one small contribution to

this broader conversation that spans across scientific and philosophical disci-

plines.
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Part IV

Appendix
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A
Behind the Scenes

Around the middle of my PhD, I decided to include a Behind the Scenes section

in the Appendix of the AURORA paper (Chapter 3). Since then, including such a

section has become a tradition for all my first-author papers, and I am happy

to see collaborators pick up the habit as well. These sections in some way or

another tell the story behind the paper, the ups and downs, the initial brain-

storming and the real motivation of the authors. The hope is that this humanizes

the field and helps young researchers see that behind the polished work is a

lot of confusion, uncertainty and us humans. I encourage the reader to have a

look at these Behind the Scenes sections in Sections C.13 and E.15, as well as

in papers not included in this thesis (Krojer et al., 2025; Krishnan et al., 2025;

Ahmadi et al., 2026; Vergara-Browne et al., 2026; Tür et al., 2026).

This is a special Behind the Scenes section as it spans so much more than a

single paper. While I will talk less about the scientific details of each paper, I will

follow a similar structure (just one abstraction level higher): 1) What drove me
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to start this project (i.e., the project of spending five years on a PhD) and what

were the initial expectations?; 2) What did I end up working on, with whom did I

work and how did my ideas develop over the years?; 3) Finally, general lessons

learned and what comes next academically.

A.1 Applying for PhDs

As an undergrad I found my PhD direction because I was unhappy with the state

of the NLP field in 2020. But let’s start at the beginning: After dabbling for one

semester in a pure math major, I got my BSc in computational linguistics at

LMU Munich. It was an easy workload, allowing me to work on the side at a

computer vision startup, start a philosophy society at university and to get early

research experience in NLP. My first research experiences during undergrad were

quite coincidental: I did not know that Hinrich Schuetze (who supervised my

bachelor thesis) was a “big name” in the field. I simply chose the local university

at the time and a major that sounded multi-disciplinary. And nobody could

anticipate that NLP would soon become the most trendy topic as the birthplace

of LLMs1. I was not really blown away by the topics in NLP research yet but I

think deep-down I knew that research in general would fit me very well; and I

was naive and driven: I really wanted to get papers out and a chat with a visiting

PhD student (Denis Peskoff) convinced me that it would be exciting to apply

directly for a PhD in North America. That sounded much more exciting than

doing an MSc in Europe. So I went to the two main professors in our department

and asked them if they could supervise me with the goal of publication. They

both matched me with some senior PhD students in their lab and somehow

it all worked out: Two shared first-author papers got into smaller NLP venues.

But as those papers were wrapping up in early summer 2020, I had not found

a topic yet that felt worth it to spend five whole years on: Philosophically, just

working on narrow NLP tasks such as translation did not feel like anything

resembling the embodied intelligence and cognition we humans have. But if

1fantastic read on this: When ChatGPT Broke an Entire Field: An Oral History
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I remember correctly, I was also too inexperienced in the literature to put this

disillusionment into words. Instead I had to stumble upon the paper Experience

Grounds Language (Bisk et al., 2020a) on Twitter to find my direction: Each word

in this paper resonated so much with me! After less than a page, I kind of knew

I had found something worth it to dedicate five years of my life to: Language

grounding. It was philosophical (Where do words get their meaning from?), it was

interdisciplinary (spanning NLP, computer vision, robotics, cognitive science)

and it also felt timely when language models were taking off but it was unclear if

they could reach “genuine understanding”. Now I was in PhD-application mode,

making spreadsheets that ranked different potential professors and locations.

Many of the potential supervisors I reached out to and eventually applied to

were from the long author list of (Bisk et al., 2020a) and almost all of them were

working on language grounding or on some form of multimodal NLP. I attended

my first conferences (virtual due to COVID). Twitter and cold emails played a big

role, too. In the end I applied to around 15 places, all in North America except

Edinburgh.

I share my full statement of purpose in Section A.5 for more details on my

motivations and what specific projects I pitched to work on. Feel free to also read

some of the blog posts I wrote at the time: What made me do a PhD far away?

and Attending my first conference! ACL 2020 from an undergrad’s perspective

and ELI5: Language Grounding.

A.2 Five years at Mila

In the end I chose to do my PhD at Mila and McGill University in Montreal. There

are too many factors going into such a decision to list them all here. A big factor

was definitely that both Mila and the city of Montreal have a great vibe. My visit

days were all virtual due to COVID and I would often instead watch YouTube

videos of the respective cities to imagine a potential life there. My PI Siva also

made it easy to commit to Mila and put effort into recruiting me.

It is interesting how almost nobody ends up working on what they envi-
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sioned in their Statement of Purpose. I had big ambitions of working explicitly

on the Big Philosophical Questions around language grounding, in all its facets:

embodiment, interaction with other agents or humans, video understanding,

grounding in time, comparisons to language acquisition in humans. In my

Statement of Purpose, I expressed interest to work on “modeling how humans

acquire language”, emergent communication (Lazaridou et al., 2018), temporal

commonsense (i.e., grounding in the passing of time), video understanding,

developing benchmarks for grounded tasks like embodied navigation or instruc-

tion following, and even developing simulation environments for multi-player

games to study the social interaction aspect of grounding. Of course, I ended up

mostly working on other things.

The PhD started four months “early” with an internship in Siva’s lab and

naturally my first internship project was smaller-scoped and less philosophically

ambitious, yet still very fun: Siva had an interest in minimally different pairs

of images, either as a hard task or as a training signal for compositionality. I

eventually proposed videos to find minimally different pairs and the human

annotation protocol; that’s how (Krojer et al., 2022) came about. In retrospect I

would have done things very differently, starting with the title: the one we chose

does not really tell you any of the unique contributions of ImageCoDe! Even

a boring highly descriptive title like “Gamified Describing of Minimal Visual

Differences from Nearby Video Frames” would have been better. I also dreamed

of having even more than just sets of 10 minimally different images, why not

more. More is always better right? In retrospect, choosing less than 10 would

have been better probably. But the paper was a success and slowly caught some

people’s attention. It also helped that Siva insists that his students put in effort

beyond just submitting the paper to a conference. In our case that meant setting

up a leaderboard for the task or making a nice demo (on which I spent more than

a week, in pre-Claude days). Since this was primarily a dataset contribution, it

felt straightforward and gave me early confidence as I was just starting the PhD.

While one should take risks in a PhD, I would recommend to try to have smaller
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successes early on. Later PhD projects can be more open-ended and confusing.

This is especially true when the student comes directly out of undergrad and I

think this was also part of Siva’s thinking.

In the first months of the PhD I was still brainstorming big ideas around

grounding and would even have liked to work on some embodied systems.

One of the craziest serious ideas I was sketching out at the time involved a

longitudinal study over months where humans would be instructed to teach an

embodied system language. They would take the little device through their daily

life, point at things, use more complex language eventually, the system could

actively ask for more information via pointing to get moved closer to something

by the teaching human. This project would have involved all aspects of AI and I

wanted to do it all: life-long learning, RL, robotics, video understanding, NLP,

Human-Computer-Interaction. During that early excitement around grounding

I also started the “Language Grounding Reading Group” that would run for three

years at Mila and it would be the start of many deep discussions and friendships

with, e.g., Oscar Manas and Rabiul Awal.

Then came the longest slump of my PhD, some form of mini-burnout and

existential crisis. The crisis started with me questioning if I was doing any good

for society by advancing AI models, and once I had made peace with some of

that guilt, I questioned the whole thing: Am I doing a PhD for the right reasons

(curiosity, helping science/society, fun), or because my self-worth is tied to

being smart, impressive, high-achieving? It was important to work through

these questions without flinching away from them but it also meant that my

research progress was slower. Only much later, towards the last 1-2 years of the

PhD, would I get back to the same level of excitement I had felt about research

during those early PhD days.

So I did not end up working on the grounding question itself in my PhD and

it is in many ways a very vague question, hard to operationalize and to make

tangible progress on. A lot of the empirical assumptions were also wrong: LLMs

alone could get us very very far on, e.g., commonsense or reasoning without any
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perceptual or interaction-based grounding. As Jacob Andreas put it in a blog

post on world models from 2024:

We have vision-and-language models of the kind that grounding

fundamentalists (I used to be one) said would fix the outstanding

problems with text generation. But at scale, the addition of visual

supervision doesn’t seem to change the quality of text generation

very much. So even with grounding—and in other domains like

video generation or protein sequence modeling—we still can’t agree

whether neural sequence predictors are really understanding or

shallowly manipulating their inputs.

One of the biggest consequences of all this is that the community

has started asking a better version of the Big Question: do LMs have

internal world models?

I am glad I instead ended up choosing more well-defined problems that were

feasible and in line with recent developments such as diffusion models or world

models. After finalizing the whole ImageCoDe release in the spring of 2022, I

unsuccessfully tried to make any follow-up ideas work for at least six months.2 I

was a bit adrift, unsure what I should work on next and also considered AI safety

or ethics so that my work would be more closely aligned to positive societal

impact. It was also the time when I took it slower to recharge and find my innate

excitement again. On top, I took the time-intensive DL and RL classes in those

semesters.

There was not one moment I could point to that got me out of the slump. It

was a slow process of just sticking around, not overworking too fast again but

allowing my curiosity to just wander, and having a wonderful social support

network. A year after releasing ImageCoDe, I had to pick a class project for an

2For example: Can we make CLIP see more fine-grained differences by feeding it different
crops instead of the whole image? Or, can we train a multi-task model on many multi-image
datasets to improve upon the accuracy?
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NLP course and both Siva and I had been excited by the progress of text-to-image

models: Some of these outputs are so compositional! But how can we measure

that or show that, e.g., Stable Diffusion might be more compositional than CLIP?

The community knew that many vision-and-language models like CLIP would

fail terribly on tasks like Winoground (Thrush et al., 2022a). This is how the

second paper of my PhD, DiffusionITM (Chapter 4), happened. This was my

most technically demanding work and I gained a lot of confidence from that.

Attending my first NeurIPS (New Orleans) was great! DiffusionITM got me a bit

closer to enjoying the process itself and the technical aspects again, and being

grounded in contemporary questions of the literature — opposed to chasing an

elusive big philosophical question. Similar to ImageCoDe, some questions from

DiffusionITM felt unanswered and kept popping up in my mind. But again not

much came out of it.

Now I had, in some ways, made good progress to graduate but, in some

other ways, it felt like I was still playing catch-up to the level of excitement,

dedication and clarity I had when starting the PhD. Chris Pal, a professor at Mila,

had already been helpful on the DiffusionITM paper and stayed as a collaborator

to brainstorm my next steps. Siva involved more senior researchers to supervise

me such as Varun Jampani (at the time at Google). Looking back, I levelled up

as a researcher in this period: How to think about picking a research problem,

how to decide early when to move on from a project. Around that time, I started

a Google Doc where I would add research ideas every few days, which is now,

three years later, full with more than 40 idea pitches. I would develop a ranking

system to judge ideas along several criteria:

1. Excitement: are you excited deep down?

2. Impact (Q: do we really think we can predict this as researchers?)

3. Risk of working out/uncertainty

4. Novelty/chance of being scooped
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Figure A.1: Example of my paper rating system.

5. Alignment with current momentum of mine/direction + fits story of final

PhD thesis

6. Method vs. Eval/Analysis ratio

7. Quick ramp up: Overhead to learn new topic/papers or set up environ-

ments

8. Synergy with Siva, lab members and collaborators

9. Fundamental potential: can I easily make this into a fundamental paper?

I would then assign a score from 1 to 5 for each criterion, as illustrated in

Figure A.1. Going through such an elaborate process for writing down research

ideas sounds like a lot but it only takes five minutes in practice and really makes

you think about all aspects of the idea. It was a good exercise for me at this point
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of the PhD and I would gradually do it less over the years, as I now internalize

these questions implicitly. As I was brainstorming ideas and also implementing

some aspects of them in winter 2023/2024, I discarded one idea after a month for

not being impactful enough (analyzing part-whole relationship understanding

in image generation models). Then, during one meeting with Chris Pal, we

settled on the following simple idea: Can nearby video frames act as a rich

supervision signal for image editing? Initially we were trying to show this with

videos in the wild — either from movies or YouTube — but we soon realized how

rarely videos in the wild depict a single meaningful change. So we pivoted to

more curated videos from Action Genome and recruited crowdworkers on AMT.

After ImageCoDe, and to a lesser extent even DiffusionITM, my project again

involved extensive management of crowdsourcing. It takes a lot of iterations to

get right, from making the task and instructions well-defined to communicating

on a daily basis with the workers. I am quite proud of how I handled it for all

the projects, with some crowdworkers becoming something like friends, even

e-mailing me years later or expressing how much fun the work was. Anyways,

once we had found the right videos and crowdworkers, we also added simulation

data into the mix, because why not. This is how AURORA happened. With the

main contributions being the data efforts, we submitted to the relatively new

Dataset & Benchmarks Track at NeurIPS 2024. I was positively surprised how

great the reviews were! First spotlight in my PhD.

I have mixed feelings about big-tech but I also wanted to experience one

“proper” industry internship during my PhD. While my dream place was under-

going major changes and thus did not work out (AI2, winter of 2024), I ended

up in a fantastic lab at FAIR (Meta). The JEPA team works primarily on world

modeling and self-supervised learning (from images or videos), and there was

lots of overlap with my supervisor Mido Assran. I regret not having thought more

deeply about modeling projects and how I could leverage the GPU resources

more, instead ending up working on another data-heavy project. I still enjoyed

my project and I learned a lot about video models nonetheless but I could have
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challenged myself more with some new topic. On the other hand, internships

are too short to meaningfully explore a new direction outside of one’s comfort

zone — at least if publication is the goal. Even while staying in my comfort zone

of analyzing shortcuts in VLMs and proposing a benchmark, it was still hard to

get it published and felt more rushed than my usual PhD work.

As the Meta internship was coming to an end, I was grappling with big

questions, and questioning my direction so far: Was my research fundamental

and impactful enough, going beyond just putting out some papers? Did I want

to stay in academia? The famous talk by Richard Hamming seems appropriate to

link here: You and Your Research. I do not know when exactly my mind shifted

from “I want to just get through this PhD and we’ll see from there” to “Maybe

I will continue in academia”. And I also don’t remember why exactly I thought

interpretability was the right direction. But somewhere around December 2024

these thoughts kept coming up. I had a call with Siva where I said I wanted to

actually understand models more deeply, not just do benchmark work or some

other modeling work. He pushed back a bit but we mostly just brainstormed and

he tried to give his perspective on what faculty search committees are looking

for: They want to see that the candidate goes beyond pure analysis or insight for

the sake of it, e.g., did your interpretability finding improve models?

The 1.5 years following this chat in December 2024 would be the most fun

and scientifically meaningful. I committed to doing something like interpretabil-

ity on VLMs, without knowing yet what interpretability in detail means or about

any of the struggles the field was facing around SAEs, actionability and so on.

I really recommend this blog post I wrote in December 2025 and poured my

heart into, describing in detail how my pivot into interpretability went: “Better

late than never: Getting into interpretability in 2025”. I talk about how inter-

pretability forced me to think more scientifically, how great most people in the

community are as collaborators, and how overall it was the right decision for my

academic career and my excitement for science. I am proud of what came out of

this period, which is now Chapter 5. After this experience I feel like a matured
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researcher in some way. I have lots of follow-up ideas, I kind of “got the hang

of academia”, I am mentoring younger students now on VLM interpretability

projects. The LatentLens project was also perfectly timed: I was giving lots of

talks, some for fun and some as proper job talks, and it felt very natural to be

excited as a speaker and showcase a long-term vision when you are just finishing

a project you are proud of. Even now, four months after releasing LatentLens,

some of that immediate excitement has slowed down and it would be slightly

harder to get people hyped as my natural self, if I had to give my job talks now.

Despite how long this section already is, I skipped a lot of meaningful parts of

the PhD: The collaborations I was on as a non-first author, running the Mila tea

talks, traveling to places, our lab culture at Mila, or all the projects I mentored

with undergrads that did not make it to publication. I hope this long story was

interesting or helpful to read for some people.

A.3 Staying in academia

I applied for postdocs in a slightly rushed manner. My partner and I had the

classic two-body problem and were trying to coordinate our applications (in

their case for PhDs), which meant that I had to start sending out my materials

by winter 2025/2026. While it was rushed, it turned out to be the perfect timing

in most ways, since LatentLens was fresh out of the oven. I applied to various

postdoc fellowships, one Research Assistant Professor position and also some

stand-alone labs. In the end I chose a postdoc in Boston where I could really

focus on interpretability (David Bau) and where my partner had found a great

PhD as well. I don’t want to share anything prematurely here publicly since it has

not started, but lab culture really matters to me and during my job talk I could

sense a fantastic one. And I could sense a spirit of doing both fundamental and

humanistic science, nurtured by David Bau as the PI.

I really started to enjoy giving talks. They are stressful and often involve

travelling3 but it made me realize how “sharing science” is so much more than

3I was quite often sick in that period of both submitting LatentLens to a conference, while
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the PDF we put on Arxiv or OpenReview: Impact is much more meaningfully

measured in the kind of discussions and ideas your talk, coffee chat or poster

might spark. You can, and should, communicate your findings in diverse ways

from talks to videos or blog posts. And it is very hard but fruitful to think beyond

a single paper and longer-term research question that might take many papers

to answer.

A.4 Lessons and reflections

A.4.1 Different research identities

Several times throughout the PhD, my primary research interests, what I deemed

interesting papers, or how I pitched myself, changed. There is several distinct

“phases” I want to discuss here, you could also call them research identities or,

metaphorically, hats I was wearing. In retrospect, each older research identity

of myself now seems very narrow-minded and naive. For example, as I was

applying and then starting the PhD, I had little admiration for technical modeling

or analysis work. The kind that had no philosophical or cognition component. I

enjoyed thinking about the big questions, often based on popular science books,

podcasts, philosophy papers, or position papers at AI conferences. Now, it is

almost the opposite: It is easy to discuss big ideas and define some abstract

framework or how one thinks the human mind works. The hard part is all in the

nitty-gritty details! I suspect this mindset shift is common in a young person:

You start out young and naive in school or undergrad, hoping to change the

world, either in science (as discussed here) or industry/politics. Then, you realize

that deep familiarity with the subject is required to know how to really make

impact.4 But I still think this period is important, and definitely was for me: Pick

a strong opinion and idea and be wrong or naive about it! As long as one is open

also flying to give talks and worrying about the future.
4This is actually not always true: Sometimes the most disruptive paradigm shifts in science

and technology come from people who either disregard or are simply unaware of the details of
the field.
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to adjusting it. For me to start something and stick with it, I really have to be

convinced. And usually, technical work alone will not do this for me. However,

now I am so deep in the work that I enjoy the process so much that I do not

necessarily need philosophy to get me going. Interpretability as a field has a lot of

philosophy, but it’s more like a really nice bonus than something I cling to. After

my “philosophy” identity at the start of the PhD, I next adopted a “behavioral

analysis and evaluation” mindset. This was also in line with my papers at the

time. My argument was roughly that if you want to think about higher-level

questions of cognition, the input-output level is much more meaningful than

technical modeling work or interpreting certain components of the model. I

think there is some truth to it but will not attempt to argue one way or another. I

mostly just think it was too simplified of a view and in practice in AI we can derive

so many more insights when we also look inside models. However, one opinion

from back then I still hold: Too few people deeply study data and individual

examples (either from benchmarks or model outputs). So much insight can

come from that! Only people who properly value data and benchmarking work

put in this effort. During that time, I felt that in practice a lot of evaluation work

can be quite shallow, as opposed to answering questions about cognition: “We

collected some data, here is how models do”. So I was wondering if I should fully

commit to being an eval person but make my work more fundamental by going

a meta-level higher. “Eval of evals”: What trends across many years do we find

in benchmarking? How do we go beyond static benchmarks? What makes evals

meaningful, without shortcuts or quick saturation? When does Goodhart’s Law

and the Clever Hans effect come into play? How do we translate some abstract

notion of “this is what humans care about” or “this is what we would consider

smart behavior” into a concrete benchmark? Moritz Hardt’s talk “The emerging

science of benchmarks” is great and apparently he also recently released a book:

The Emerging Science of Machine Learning Benchmarks. I think I also briefly

considered becoming very focused on vision-centric problems, or more broadly

world modeling and intuitive physics. The language side of vision-and-language
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seems mostly solved, so the video and world modeling side is the obvious next

big challenge. So I had all these different identities, summarized as: Philosophy

& Cog-sci (2019 to early 2022), AI safety/ethics (briefly around 2022), Behavioral

analysis and science of benchmarking (2021 to 2024), world models (briefly

in 2024). Nowadays, I am maybe wearing an “interpretability hat” but I wear

it loosely and prefer to just tackle interesting problems. More broadly, I like

papers that ask a good question, that find something genuinely surprising, do

something creative, that questions how we have been doing things in the field,

and whose writing is easy to follow — it does not matter too much whether they

are about deep cognitive science questions, technical aspects of some training

recipe, or interpretability.

A.4.2 Lessons

I will try to condense some lessons here that are otherwise dispersed across the

previous sections and my blog posts. As always, all advice comes at the right

time for some people and would be outright bad for some others. So choose

the ones that apply to you, e.g., keep in mind that advice is often best when it

comes from someone who is 1-3 years ahead of you. For example, when I look

at undergrads or MSc applying for PhDs these days, it already feels a bit less

relatable to me now than it did when I was a 2nd-year PhD student. So here are

some things I have concluded during my PhD, I am sure I forgot some and I tried

to exclude those that are obvious (e.g., just like anyone else I also recommend

having hobbies outside the PhD!):

1. The exact topic is less important than: the people, the lab, the culture, and

choosing just an interesting question. The first few you can already judge

early on, the last one comes with time and a matured research taste.

2. If you think about pivoting, don’t pivot abruptly (unless you really think

the old direction does not suit you at all or is out-dated). Instead, pivot one

step at a time, so that you don’t have to pause for a year just to on-board

onto a new field. For example: I had expertise in vision-and-language
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models and wanted to get into more fundamental directions (interpretabil-

ity, more mathy, more theoretical maybe). However, if I had immediately

worked on, e.g., theory of Sparse Autoencoders, it would have taken me

half a year of just learning about the field, I would have relied much more

on guidance from others, and would have faced a higher risk of publishing

something nobody cares about. Instead I worked on interpretability of

representations in VLMs. While you can never predict how many people

care about it, I knew that I and some others would care since I had worked

a lot with VLMs. And in the process I also had to absorb what the interp

field has been doing in general: so as a next step it would now be easier

to work on more theoretical interpretability such as proposing a new type

of SAEs, parameter decomposition method. In summary: if you want to

pivot to topic A and are currently an expert on topic B, try to work on A+B

first before moving to A alone.

3. Apply to positions or give talks when you are just finishing a work you are

excited about. Of course, you can’t always time this. But sometimes we try

to give ourselves more time to be perfectly prepared. But we will never be

fully prepared, so we might as well apply or give talks when we are on a

high, from a work we feel good about.

4. Similarly, be proactive about giving talks — or, for that matter, writing blog

posts, podcasts, and so on. As PhD students we will spend literally months

for a paper but think that we don’t have the time to, e.g., write a blog

post. But the opposite is true: A good blog post (or a long twitter thread,

a podcast, a video on YouTube) takes, at maximum, a week to create but

the unforeseen effects can often be more impactful than some of your

papers. I personally love to see this in a candidate (e.g., when undergrads

apply): They have thought about the field or some interesting problem in

their own unique way. Not just in the way that academic standards require

us to write. It practices your writing (or speaking skills) and makes you
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in general less afraid to just put stuff out. And again: Let’s say you have

already been on so many papers. Do you think quickly putting one more

out will give higher chances to land that job? Or instead, what if you spend

a few days to write a blog post and share it with people, to reach out to a

nearby lab to give a talk, or to start a reading group?

5. Find your people: In my case that meant being slightly less strict with the

topics I care about and trying to get more interested in what my labmates

do, towards the end of my PhD. If your lab is simply not aligned, you have

to go out there and find those people in other departments or universities.

6. Have at least one interpretability-flavored project in your PhD. It will teach

you a lot.

7. Read position papers and form some of your own positions. They don’t

have to be perfect.

8. I collected good advice or generally great blog posts here.

A.5 Original Statement of Purpose when applying

The following is the Statement of Purpose I submitted when applying for PhD

programmes in late 2020 (school-specific paragraph omitted).

Towards the end of my undergrad in Computational Linguistics something

became more and more apparent to me: the majority of models we currently use

in NLP will never reach a “real” language understanding, no matter how much

we scale them. Ultimately we will need grounding! These models treat text in

isolation, neglecting that language gets its meaning when agents interact in a

complex multi-modal environment. Therefore the broader goal of my future

scientific contribution is to ground language in perception, action and social

interaction to enable language understanding.

This shift of how I see NLP was originally inspired by Experience Grounds

Language (Bisk et al., 2020), co-authored by CMU’s LTI professor Yonatan Bisk,
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that describes a roadmap for Grounded Language research. Bender and Koller

(2020) made similar arguments in the best theme paper of ACL 2020 and Lan-

guage Grounding now has its own track at many NLP conferences, indicating its

increased momentum in the NLP community.

An attractive aspect of this subfield is its diverse nature since it can draw

from ML, Linguistics, Vision, Robotics or Cognitive Science. Consequently, it

ties together previous research experiences of mine from the last several years

in NLP, Computer Vision and Robotics:

Research on Symbolic Reasoning in Transformer models: In my thesis, I

tried to answer to what extent BERT applies symbolic reasoning during pre-

training. The resulting paper Are Pretrained Language Models Symbolic Reasoners

over Knowledge? will be published at CoNLL 2020, written together with Nora

Kassner and my supervisor Hinrich Schütze. Meeting the deadline for CoNLL

this summer was hard work: it was only possible because I started my research

several months earlier than a typical thesis requires and had a tight collaboration

with my co-author Nora. I was involved in every step of the research process,

from implementation (creating a synthetic dataset and training BERT from

scratch in various ways) to shaping the direction of the project with my own

ideas on symbolic reasoning or helping in writing the final paper.

Research on Coreference Resolution in Machine Translation: As a research

assistant supervised by Prof. Alexander Fraser, I tested the ability of a context-

aware NMT system to resolve coreferences while translating from English to

German, e.g. through adversarial attacks. These adversarial attacks ultimately

led to a new template test set, which can be used by other NMT researchers. I

carefully designed this test set to only allow high scores for models that “truly”

solve coreference resolution and not for models that exploit unintended corre-

lations. Similar to my thesis research, I was involved in each step as a shared

first-author and wrote several sections of the paper ContraCAT: Contrastive

Coreference Analytical Templates for Machine Translation that was accepted at

COLING 2020.
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Industrial research in Computer Vision and Robotics: While having research

experience in NLP will be crucial for my PhD, my previous and current experi-

ence in Computer Vision and Robotics will complement this effectively:

During the final year of my undergraduate degree, I worked 20 hours per

week at a Computer Vision startup as a Deep Learning Engineer. In my main

project, I worked on the implementation of an image segmentation system (U-

Net architecture) for biological cells. Besides extending my knowledge about

Deep Learning and industrial research projects from start to end, I also got to

learn how to deal with high-stress situations and tight deadlines with care while

working alongside my full-time studies.

I am now using the gap year before my graduate studies to extend my skill

set to crucial areas for Grounded Language that I still lack experience in, such

as robotics or reinforcement learning. At the time of writing, I am an intern

at Micropsi Industries, a Computer Vision and collaborative robots company,

where I focus on making the vision system more robust to challenging light

settings such as reflections. After initially researching different augmentations,

my final solution involves designing a pipeline to automatically record paired

image data on the robot which will then be used to train a Conditional GAN. I

just started recently, but my work so far already taught me how challenging it is

to bridge the gap between our ML systems and real world scenarios.

Why a PhD? Having gained insights into both the world of academia and

industry, I can say with confidence that I want to follow the path of the former

for the coming years. I am deeply passionate about the fundamental, open-

ended, and thorough nature of research, which is especially present in a topic

like Grounded Language. By listening to the experiences of countless PhD

students and researchers, I got a representative picture of the ups and downs

in academia. From my own limited experience so far, I particularly enjoyed the

collaboration with other researchers and the scientific inquiries that challenged

me and deepened my understanding; however, I also learnt to embrace and

even enjoy the struggles such as chaotic experiments and late nights with my
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collaborators.

Future research: I am aware that Grounded Language research is still in its

early stage and currently is less spectacular than text-only based approaches like

GPT-3 or BERT. There are still many fundamental issues to be solved, such as

multi-modal models failing to actually use all modalities effectively (e.g. focusing

only on text) or tedious data collection and preparation of hardware for embod-

ied systems in the real world. More specifically, I can see myself conducting

Grounded Language research in three ways:

• From a cognitive and linguistic side, I would be interested in modeling

how humans acquire language (e.g. similar to Emin Orhan et al. (2020)

who studied the vision aspect of this) or simulating how language emerges

between non-human agents (Lazaridou et al., 2018). I also believe that

it is crucial to develop persistent agents that acquire grounded temporal

commonsense (Zhou et al., 2019) and would intuitively know that e.g.

“going on a vacation” will take at least several days. Such intuition could

be learnt by watching videos of people’s daily activities, such as in the Epic

Kitchens Dataset (Damen et al., 2020).

• I would like to make progress on different grounded benchmarks such as

visual (commonsense) reasoning or visual-and-language navigation (e.g.

Yonatan Bisk’s ALFRED benchmark (Shridhar et al., 2020)).

• Finally, I would also like to put some focus on creating better data sets,

environments or simulations that will enable a wide range of Grounded

Language research. More specifically, I recently became interested in

investigating whether big multi-player games such as Sims or WoW could

be useful environments for grounding, especially with a focus on social

interaction.

Multi-modal models will play a role in my research as useful tools, but are

not equivalent to Language Grounding research: A primary goal of Language
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Grounding is to understand the nature of language and its role in intelligent

behaviour, whereas pure multi-modal approaches in NLP tend to use other

modalities to achieve better performance on certain tasks. In short, Language

Grounding encompasses more than putting together language and vision mod-

els, and I would like my research to reflect that.
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B
Appendix for Chapter 2

B.1 Length Distribution of the Image Descriptions

Figure B.1: Distribution of the number of tokens across contextual descriptions
in IMAGECODE.
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B.2 Criteria for Selecting Annotators

We keep data quality high through entry requirements (English speaking coun-

try, over 98% approval rate, etc.), qualification test, whitelisting workers and

manually inspecting data. Most importantly our two-stage setup also allowed us

to automate monitoring data quality as we could measure the description and

retrieval accuracy of workers and only whitelisted those with high accuracy. We

paid 0.25$ per description and 0.1$ per retrieval.

B.3 Annotator Bias

The majority of descriptions in our test and validation split come from workers

who did not work on the training set in order to avoid annotation bias. Our

validation set contains 502 descriptions from workers "seen" from the training

set and 1,800 description from "unseen" workers. In Table B.1 we can see that

models perform slightly better on seen workers across our CLIP model variants.

146



seen workers unseen workers

FINE-TUNING

CLIP 23.9 23.8
+CONTEXTBATCH 34.5 29.0

+CONTEXTMODULE 33.3 29.2
+TEMPORALEMBEDDINGS 32.1 30.8

Table B.1: Performance (accuracy) on two subsets of the distinct validation split:
seen workers (workers who also produced description on the train split) and
unseen workers (who only worked on the test and validation data).

B.4 Crowdsourcing Interface

Our AMT interface for the description task can be seen in Figure B.2. The

retriever interface looks conceptually similar, with a select-button for each image.

Note that workers see images almost in almost half of full-screen (opposed to

the shown examples in this PDF) and can quickly go back and forth between

consecutive frames with arrow-keys, making it significantly easier to spot and

compare nuanced changes.

Figure B.2: AMT interface for the describer task.
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B.5 Validation performance

all video static

ZERO-SHOT

CLIP 21.8 14.9 51.6

FINE-TUNING

CLIP 23.4 17.3 50.2

+CONTEXTBATCH 29.7 21.1 67.2

+CONTEXTMODULE 29.9 21.4 67.2

+TEMPORALEMBEDDINGS 30.6 22.3 67.0

ZERO-SHOT

UNITER 19.8 13.6 42.9

FINE-TUNING

UNITER 23.8 17.5 51.2

+CONTEXTBATCH 25.5 19.3 52.3

+CONTEXTMODULE 24.8 18.9 50.7

+TEMPORALEMBEDDINGS 26.0 19.9 52.8

ZERO-SHOT

ViLBERT 18.5 14.0 37.9

FINE-TUNING

ViLBERT 21.9 16.1 46.7

+CONTEXTBATCH 22.9 18.1 43.5

+CONTEXTMODULE 23.5 18.9 43.5

+TEMPORALEMBEDDINGS 25.1 19.4 49.5

Table B.2: Performance (validation accuracy) on IMAGECODE across two training
regimes (zero-shot and fine-tuning), three models (CLIP, UNITER, ViLBERT)
and 4 model variants. We report separate figures for all the examples and two
disjoint subsets: video frames and static pictures.
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B.6 Additional Hyper-parameters

The Transformer consists of 2 layers in CLIP variants and 4/5 layers in the ViL-

BERT/UNITER variants, both employing gelu activation. The learning rate for

the fine-tuning of the Transformer and linear heads is 2 ·10−6 for the CLIP +CON-

TEXTMODULE, 10−4 for CLIP +TEMPORALEMBEDDINGS, 2 ·10−5 for both ViLBERT

variants, and 6 ·10−6 for both UNITER variants. We use the Volta-framework

(Bugliarello et al., 2021) for the standardized ViLBERT and UNITER model.

B.7 Examples from IMAGECODE for all phenomena

For each phenomenon we provide 1 example and a definition we used for an-

notation purposes. Since most examples contain more than one phenomenon,

some phenomena will be effectively showcased several times. Note that we

picked examples that are relatively easy to understand and spot differences in.
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(a) Frame 6 (b) Frame 7

(c) Frame 8 (d) Frame 9

Figure B.3: Example of Context: “Both hands are on the piece of bread closest to

the person.” Note: This is contextual since since without any context of other
images, the description is also literally true for Frame 9. A model might even
score it higher since the direct visual appearance is closer to typical bread. Defi-
nition: To understand the description, a listener has to consider other images
and/or the speakers intention of describing only one of the images. In line with
Grice’s maxim of quality, a description is contextual if it is literally true for several
images but we know it was intended for only one image. A description is also
contextual if an objects cannot clearly be identified in the target image directly
but only through cross-referencing other images.
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(a) Frame 3 (b) Frame 4

(c) Frame 5 (d) Frame 6

Figure B.4: Example of negation: “The knife is most centrally placed to insert

into the onion without having fully cut deeply into it yet.” Definition: Explicit lin-
guistic negation ("not", "unseen", "non-") or negation quantifiers ("no person").
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(a) Image 1 (b) Image 3

(c) Image 8 (d) Image 9

Figure B.5: Example of quantifiers/quantities: “A yellow 3 way traffic light with

a green arrow on the side facing closest to the camera” Definition: We annotate
for quantifiers (most, every, no, several,...) and absolute quantities ("five") as
well as relative quantities (ratios like " a third of his hand").
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(a) Frame 4 (b) Frame 5

(c) Frame 6 (d) Frame 7

Figure B.6: Example of spatial relations/reasoning: “The small girl in front is

looking directly to the right with her right hand on the side of her face.” Defi-
nition: Any relations or adjectives regarding space. Examples: "in the top left
corner", "left to the chair", but also camera perspective, or body orientation
("turned towards...")
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(a) Frame 6 (b) Frame 7

(c) Frame 8 (d) Frame 9

Figure B.7: Example of temporality: “ A smiling boy just begins to look towards

the dog.” Definition: While most examples based on video frames implicitly
require some temporal knowledge, we focus on explicit textual mentions of
1) temporal markers ("after", "during", "about to", etc) and 2) temporal verbs
("beginning to", "end to").
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(a) Frame 7 (b) Frame 8

(c) Frame 9 (d) Frame 10

Figure B.8: Example of visibility/occlusion: “ The tire is directly on top of the

person’s right shoe and you can just barely see fingers at the top. ” Definition:
A description that mentions objects/people being occluded, (partially) out of
frame, or in the process of leaving the frame.
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(a) Frame 4 (b) Frame 5

(c) Frame 6 (d) Frame 7

Figure B.9: Example of nuances (we marked small details with red/green rectan-
gles): “ The person’s palm is towards us and touching the left bottom corner of the

cake. There is a small amount of dark space between the right bottom corner of

the photo and the edge of the cake. ” Definition: Minor details, that are either
a) not salient at all and would usually be left unmentioned and/or b) language
reference is grounded on a small patch of pixels. Note that this phenomena is
often linked with very minimally contrastive images.
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(a) Image 3 (b) Image 5

(c) Image 6 (d) Image 10

Figure B.10: Example of coreference: “ A woman with a white background

smiles at the camera. Most of her body is visible. She is wearing a black outfit. ”

Definition: Linguistic coreference.
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(a) Frame 7 (b) Frame 8

(c) Frame 9 (d) Frame 10

Figure B.11: Example of meta properties: “ The cucumber is just to be cut into,

you can see a transparent image covering the image.” Definition: Descriptions
that mention aspects that stem from the way the photo/video was taken: two
overlayed images (when a video transitions), black-and-white, blurriness, bright-
ness.
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C
Appendix for Chapter 3

C.1 Dataset Release

In this section we document the details of our dataset drawing from existing

frameworks such as Datasheets for Datasets (Gebru et al., 2021).

1. Data and code: https://github.com/McGill-NLP/AURORA

2. We provide a Datasheet (Gebru et al., 2021) for our AURORA and

AURORA-BENCH data as a Markdown file: https://github.com/

McGill-NLP/AURORA/blob/main/datasheet.md, as well as at the end of

our appendix: Section C.14.

3. Hosting Plan: As described in our instructions on the GitHub repository,

we host our data on Zenodo and intend to put it on Huggingface soon after

submission
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4. Licensing: We release all our data (AURORA, AURORA-BENCH) under

the MIT License for easy access to other researchers. The license allows

users to share and adapt the dataset for any purpose, even commercially,

as long as appropriate credit is given and any changes made are indi-

cated. The datasets we build upon or directly include in our collection of

data have the following licenses: MagicBrush (CC 4.0), Action Genome

(MIT), Something Something (see https://developer.qualcomm.com/

software/ai-datasets/something-something for their terms of use,

more restrictive than MIT or CC 4.0).

5. Consent & Privacy: We work with Amazon Mechanical Turk crowdworkers

who did not share any private information. Two of the datasets we build

on top of, Action Genome (Ji et al., 2020) and Something Something (Goyal

et al., 2017a), asked humans to film videos at home doing daily activities.

Action Genome builds on top of Charades (Sigurdsson et al., 2016), and

we did not find any mention in their paper discussing privacy or consent:

Workers were recruited on AMT. The situation is similar for Something

Something but we would assume that workers were told and aware that

their data is going into a public research dataset. This is also officially part

of the agreement when becoming a worker on AMT.

C.2 Broader Dataset Discussion

C.2.1 Limitations

We acknowledge that these models are not yet mature to robustly perform the

edits we study in this paper: Even in simpler setups such as Kubric, WhatsUp or

CLEVR we still observe some failures, and on messy data where humans perform

actions fully correct edits are rare, as reflected in the human ratings (Table 3.2.

Even on the more established object-centric and global we still identify many

failures, arguably more than in the more mainstream text-to-image generation.

Specifically we identify the following failure modes during many manual :
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Models pick up artifacts if something is overrepresented in AURORA: It might

over-generate hands or people due to many such examples in the video-frame-

based data. Similarly, the model sometimes falls back to textures and shapes

from Kubric when common Kubric phrases (i.e. cups) are mentioned. While

our model has learned spatial relations, it still struggles with ”truly moving“ an

object: Sometimes the original objects is kept at its place while a new one is

added elsewhere, resulting in too many objects. Often, the properties of the

object (i.e. size or texture) also change, and can become more ”Kubric-like“ after

being moved. Finally, while many Kubric edits were successfully performed on

its IID test examples, swapping the position of two objects was not.

C.2.2 Ethical and Societal Discussion

While we envision robotics and other planning tasks as an exciting new applica-

tion of models that can perform action and reasoning-centric edits, there are

several potential harms specific to the broader editing task. The main one is

editing images in harmful or privacy-intrusing ways. These harmful edits are not

in our training data, but the underlying Stable Diffusion model was trained on

them and thus sometimes generates various harmful or biased images (Birhane

et al., 2021; Luccioni et al., 2023). We found the efforts of MagicBrush (Zhang

et al., 2024) helpful, a dataset we include in our AURORA dataset, such as

minimizing these problems in their collection as described in their appendix.

On the crowdsourcing side, we ensured fair pay and treatment with com-

pensation far above the minimum wage in the US, see Section C.4. On top of

pay, workers gave us feedback several times that they appreciated the feedback,

respect for their work and detailed communication.

C.3 Examples of edit typology

In this section, we illustrate our typology of edit skills from Section 3.2. For more

examples for each dataset (not skill!) see Section C.10.
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Figure C.1: Object-centric edit example: Can we have a wooden

table?

Figure C.2: Global edit example: Make it a picnic
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Figure C.3: Action-centric edit example: Make the man open the

refrigerator

Figure C.4: Reasoning-centric edit example (spatial, referring ex-

pression): Move the green sphere in front of the red small sphere
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Figure C.5: Viewpoint edit example (from a dataset we later dis-

carded, see Section C.13): Move the camera left a bit to capture the

first person on the left well

C.4 Human annotation guidelines and details

We work with a smaller group of expert annotators on AMT (who we individually

contact via e-mail) after an initial screening during pilot runs. Seven workers first

worked on describing changes between nearby video frames as edit prompts,

and later on three of those workers for the human judgement. We found that

(unsurprisingly) paying well and regular detailed communication led to the very

clean results and resulted in, to put it directly, amazing feedback working with

us as data collectors: We paid 0.22 USD for the captioning, and 0.20 USD for the

human judgement. We estimated this to be significantly above 10 USD/hour,

and probably closer to 15 USD/hour. Below we describe the instructions and

communication with workers for each task.

C.4.1 Crowdsourcing edit instructions

Our instructions on the AMT interface looks as follows:
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Since most of our detailed instructions and back-and-forth feedback hap-

pened via e-mail, we also provide screenshots from our e-mails:
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C.4.2 Evaluation of model outputs

For the human judgement comparing two model outputs, we mainly released

our instructions as a video. Our inter-annotator agreement was a Fleiss-Kappa

score of 0.626. We asked people to pay attention whether the semantics of the

prompt was followed and not so much aesthetics:

Our AMT interface looked as follows:
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C.5 Data Curation Details

Something-Something-Edit: We select the first and last frame of most videos

from the Something Something v2 dataset (Goyal et al., 2017a) (most, since for

some the ffmpeg software somehow couldn’t retrieve the last or nth-last frame).

Next, we manually went over the 174 templates that were used to create the

original captions such as: “Dropping something onto something” or “Folding

something”, where something would be replaced by the respective objects. We

then find certain keywords that rarely lead to useful changes and filter them out.

Specifically:

{’pretend’, ’holding’, ’fail’, ’roll’, ’then letting it’,

’until it falls down’, ’spin’, ’nothing happens’, ’show’,

’falling like’, ’squeezing’, ’throwing’, ’slightly’}

Action-Genome-Edit: For this, we first take the original frame pairs from

(Wang et al., 2023a) and primarily filter them for similarity, which we found to

be a good proxy of camera movement. After some tuning, we settle on a cosine

similarity between 0.1 and 0.4 of the two CLIP visual embeddings, allowing us

to provide crowdworkers with 20K or more images; we ultimately only use 15K

for this. Next, we ask humans to describe these changes and discard anything

167



with slight camera changes, see Section C.4.1 for more details. After the human

filtering phase, Action-Genome-Edit contains 11K examples.

Kubric: These are the procedures used to generate new data for each

change type: (1) Location changes contain one or two objects moved. They

can be relative (“Move O1 to the left of O2”), absolute (“Move O further left”),

attract/repel (“Move O1 and O2 closer together/further apart”) or swapping

(“Swap the positions of O1 and O2”) movements. (2) Rotation changes rotate

an object around the X, Y or Z axis at 90°or 180°. Specifically, we define four

rotations: turn O around (Z, 180°), turn O 90 degrees (Z, 90°), make O fall over

(X/Y, 90°), and flip O upside down (X/Y, 180°). Some objects are either invariant

to certain rotations (i.e. a bowl when turning it around: 180°, Z axis) or the edit is

physically implausible (i.e. only vertically long objects such as cups make sense

to ”fall down“: 90°X/Y axis). So we categorized the 213 objects into “can fall”,

“round” and “fully invariant” before data synthesis. (3) Count changes require

adding or removing n instances of some object. (4) Attributes changes vary the

size, shape or color of some object. Examples for each edit in Section C.10.

C.6 Training Details

We follow the common InstructPix2Pix setup regarding architecture and train-

ing, and rely on their code implementation (Brooks et al., 2023). Specifically,

we finetune with a batchsize of 32 and a learning rate of 5.0e-05. We also ex-

perimented with a higher resolution of 512 but saw no clear benefits (however

further experiments could yield different results). We turn off the flipping aug-

mentation for datapoints containing the word left or right, which was not an

issue in previous edit training setups but would be a major issue with our focus

on spatial reasoning.

Most time was spent on finding the right ratio for mixing the dataset: Our

final first trains on MagicBrush alone for 13K steps and then on the full mix for

42K steps. We upsample the datasets such that they are all sampled roughly the

same amount, i.e. MagicBrush and Action-Genome-Edit are multiplied by a
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factor of 15 while Something-Something-Edit and Kubric remain with a factor

of 1. Upsampling action and reasoning-centric edits too much would result

in model generations with sometimes too many or random changes. While it

might’ve led to slightly higher numbers on those tasks, the performance on the

tradtional edit tasks degraded significantly.

We had access to a total of eight NVIDIA RTX A6000 and trained models on

two of them, parallelizing 4 training runs occasionally. Our training run used for

the final model would run for 16 hours. We did not keep track of total compute

we spent but there were many attempts at combining the datasets in different

ways or training on dataset that were ultimately discarded.

C.7 Extended Tables

Main tables (Table 3.2 and Table 3.3a) but with additional confidence statistics

(i.e. standard errors).

Table C.1: Extended Table of Human Judgment of semantic editing success
on AURORA-BENCH tasks. Humans were asked to rate the edit success from
none (0), partial (50) to full (100). We show standard error (SE). Overall score
is “balanced”: we average each skill first, and then take the average of those 4
numbers.

Obj./Attr. Action, Human-Object-Interaction Reasoning Global

Model Magic

Brush

Action-

Genome

Something

Something

Epic

Kitchen
WhatsUp Kubric CLEVR

Emu-

Global

Overall

Score

GenHowTo 18.0±4.7 8.0±2.6 8.7±2.9 17.7±4.6 4.3±1.7 0.7±0.5 2.0±1.4 11.3±3.1 10.8±1.2

MGIE 36.0±7.2 7.0±2.4 11.3±3.7 5.0±1.9 6.0±1.8 6.7±2.8 16.0±3.9 36.5±6.5 22.5±1.8

InstructPix2Pix 31.3±6.8 13.3±3.5 12.3±4.2 4.3±2.1 0.7±0.7 5.7±2.1 14.7±3.6 33.7±6.8 20.5±1.8

MagicBrush 61.7±9.7 16.3±4.4 17.0±4.7 12.0±3.5 3.0±1.7 9.3±2.9 22.0±4.5 42.3±7.7 32.6±2.4

Ours 60.5±9.6 35.6±6.6 31.8±6.5 14.3±4.0 27.3±5.5 59.6±9.3 46.1±8.1 33.0±6.5 41.3±2.7

Table C.2: Extended table for DiscEdit performance with standard error (SE).

Model WhatsUp Something AG Kubric CLEVR

MagicBrush 0.472±0.012 0.371±0.043 0.477±0.043 0.392±0.045 0.400±0.045

AURORA 0.565±0.009 0.548±0.045 0.583±0.043 0.592±0.045 0.450±0.045
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C.8 Details of DiscEdit

Our DiscEdit metric takes an images and two similar prompts tnochang e and

tchang e , where the model is expected to not change anything given tnochang e but

change something (i.e. normal edit) with tchang e . Practically, one can take an

existing image-edit pair dataset and either automatically or manually come up

with ”no-change“ prompts.

Here we illustrate this process for some of AURORA-BENCH examples. Note

that some edits do not have a straightforward associated ”no-change“, most

notably adding objects which are many MagicBrush edits. For example, ”add

a squirrel next to the lamp“ does not have any equivalent ”no-change“. Let’s

imagine there is already a dog next to the lamp; so could we have ”add a dog

next to the lamp“ as tnochang e ? No, since it would be a correct model response

to then add a second dog. So here are examples for several AURORA-BENCH

tasks, with the goal of illustrating the point of changing more or less relatively

speaking, not to show cherry-picked perfect examples - WhatsUp, Something

Something, AG, Kubric, CLEVR:

(a) No-change prompt: Move the bowl

under the table

(b) Change prompt: Move the bowl on

the table

Figure C.6: WhatsUp
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(a) No-change prompt: Keep the pa-

per intact

(b) Change prompt: Tear the paper

into two pieces

Figure C.7: Something Something

(a) No-change prompt: Make him face

to the right

(b) Change prompt: Make him face

towards the camera

Figure C.8: Action Genome

(a) No-change prompt: Remove all

yellow objects

(b) Change prompt: Remove all green

objects

Figure C.9: Kubric
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(a) No-change prompt: Move the blue

small ball behind the brown cube

(b) Change prompt: Move the blue

small ball in front of the brown cube

Figure C.10: CLEVR

C.8.1 Implementation details

For each triplet of (image, change-prompt, no-change-prompt), we start with

the same initial noisy latent for both minimally different prompts to reduce

variance, a common procedure in using text-to-image models as discriminators

(Krojer et al., 2023b; Li et al., 2023a). To have a larger sample size, and thus

reduce variance further, we also sample four different noisy latents per triplet

and treat it is as separate examples when computing the accuracy.

We end up using 30 examples for Something-Something-Edit, Action-

Genome-Edit, Kubric and CLEVR, and all 800 examples from WhatsUp. What-

sUp was the only task that needed no manual writing or filtering of minimally

different prompts due to its well-defined spatial movement setup.

C.9 Sample generations from our evaluation

C.9.1 Samples used for human judgement

We show four randomly sampled outputs from our AURORA model on each of

the eight AURORA-BENCH tasks.
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(a) Prompt: change

the bright lime green

curtains to white cur-

tains

(b) Prompt: Let the

blanket be longer

and hang over the

bed.

(c) Prompt: Make the

hydrant all white

(d) Prompt: Change

the banana to a mi-

crophone.

Figure C.11: MagicBrush

(a) Prompt: Flip the

bottle upside down

(b) Prompt: Putting

egg into the bowl

(c) Prompt: Moving

cup away from pen

(d) Prompt: Lift her

hands up to show a

piece of paper

Figure C.12: Something-Something-Edit

(a) Prompt: Make her

face fully visible look-

ing at the camera

(b) Prompt: Make the

man put down the

book on the sofa

(c) Prompt: Make

him walk further to-

wards the right

(d) Prompt: Make

them stand up

Figure C.13: Action-Genome-Edit
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(a) Prompt: place

the black hat on the

right hand of the yel-

low nesquik choco-

late powder canister

(b) Prompt: convert

the white keyboard

into a black keyboard

(c) Prompt: add 1

white keyboard to the

platform

(d) Prompt: turn

the blue shoe into a

white running shoe

Figure C.14: Kubric-Edit

(a) Prompt: Move the

kettle to the right of

the chair

(b) Prompt: Move the

dog to the right of the

table

(c) Prompt: Move the

bowl under the table

(d) Prompt: Move the

book behind the tape

Figure C.15: WhatsUp

(a) Prompt: the cylin-

der becomes gray

(b) Prompt: the

big metal sphere

becomes gray

(c) Prompt: make

the big green rubber

cylinder turn purple

(d) Prompt: move the

red cylinder to the

right of the gray block

Figure C.16: CLEVR

(a) Prompt: Grab the

soap bottle on the

right with the hand

(b) Prompt: Pull one

noodle out of the pot

with the fork

(c) Prompt: Move the

right hand to one of

the oven knobs

(d) Prompt: Drop

the transparent large

bowl onto the floor

Figure C.17: EpicKitchen
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(a) Prompt: Make

this image look like

the Simpsons Car-

toon.

(b) Prompt: Change

the image to be tak-

ing at night.

(c) Prompt: Make

it look like a renais-

sance painting.

(d) Prompt: Give

this image a look in-

spired by Michelan-

gelo’s "David".

Figure C.18: Emu

C.9.2 For DiscEdit

See Section C.8
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C.10 Random (=non-cherry picked) Samples from

existing and contributed training datasets

Throw the black
clothes down to the

stairs

Make the man open
the refrigerator

Lift the hand to
place the clothes on

the top

The man has turned
his face to the left to

look into the box.

Hold the ber and
take legs down to

rise
Put on the jacket

Turn the face to the
left on the book

Move closer to the
device from the right

side

Put the left hand on
the body while

drinking with the
glass

Open the door and
move further

The man placed the
pillow on the table

next to him. Bend a bit towards
the desk

The man has picked
up a brown object in

his hands. Keep the jacket in
the wardrobe

The man has picked
up a yellow object

from the shelf.

The person has
dropped a white
object on a stair

above him.

Figure C.19: 16 randomly sampled training datapoints from Action-Genome-Edit
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Spreading margarine
onto bread

Putting pen on a
surface

Pushing strap
camera from right to

left

Pushing Spiderman
invitaion so that it

slightly moves

Folding paper towel
Moving color pencils

up
Dropping headset in

front of tools bag

Lifting up one end of
card without letting

it drop down

Moving notebook
towards the camera

Dropping biscuit
behind razor

Pushing iron from
right to left

Pushing coin so it
spins

Covering a water
bottle with a cloth Throwing headset

Pulling knife from
right to left

Tipping disposable
lighter over

Figure C.20: 16 randomly sampled training datapoints from
Something-Something-Edit.
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shift the position of
the black gaming

mouse behind the
wooden doll

Swap the positions
of the spider man

action figure and the
black can opener.

flip the white bowl
upside down

convert the purple
tape into a

deep-green tape

Move both objects
further apart

Swap the positions
of the gray elephant

toy and the nikon
camera lens.

put the yellow toy
giraffe further right

shift the white
square bowl further

right

rotate the
green-purple pencil

case 90 degrees

turn the black and
yellow hammer

around

Move the two
objects further away

from each other.

place the blue
medicine bottle

above the purple
sponge

Move the
black-white bowl

and the brown bowl
further away from

each other.

shift the position of
the brown leather
shoe on the right

side of the
white-yellow mug

add 2 white
porcelain ramekin to

the scene

put the purple
sponge further left

Figure C.21: 16 randomly sampled training datapoints from Kubric-Edit dataset.

Give glasses to the
woman on the right.

Have there be a
picture of a

mountain on the
vase

Can we have a
wooden table?

Have the cabinet
above the sink be

open

Have the child be make the woman
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Move the Tuscany to
a different location

Make it a watercolor
painting

Make the bird a
vulture

Make it look like a
comic book

Have him wearing a
hat

The mill is on fire
Make it a huge

grizzly bear
Add a castle

Add a helicopter
Make it a pencil

drawing
Make it a lion

Make the castles
dark and gloomy

The sky is purple Add a dragon Add a purple filter
Have him do a
backflip on a
wheelchair

Figure C.23: 16 randomly sampled training datapoints from InstructPix2Pix
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a green background
with the words for

further information
beer genius uk

a person is making a
red squishy

substance in a bowl

a woman holding a
bowl with radishes

in it

a man is using a
scale to measure a

piece of metal

a blender is sitting
on top of a kitchen

counter

a man with a bald
head shaving his

face

a person using a
spoon to put

chocolate on a tray

a person cutting
garlic on a white

plate

a person holding a
grilled cheese

sandwich in front of
a mirror

the nut at the base of
the thread prevents

the valve from
sinking into the

wheel

a person putting on
a pair of white

sneakers

a person cleaning a
pair of shoes with a

cloth

a person using a
stapler on a table

a woman is
decorating a cake

with a blue frosting

a person cutting a
dragon fruit on a

cutting board

a person holding an
open laptop with a

black keyboard

Figure C.24: 16 randomly sampled training datapoints from GenHowTo dataset.

change the person’s
attire to include a
colorful dashiki

garment with
intricate patterns, a
matching kufi cap,
and add a brown

leather bag beside
them on the bench

add students taking
an exam with papers
and pencils on their

desks

Replace the
elephant’s organic

body with
mechanical parts,

giving it the
appearance of a

robot while
maintaining its

original pose and
position in the

restore the hammer
by removing rust,

polishing the metal,
and replacing the
handle with a new

wooden one
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Move the car
forward so that it is

between a small tree
on the left and a

small bush on the
right

Move hands down
Open both doors on

the van fully

Move the camera to
the right to cut off

the white and green
trees

Make the guy look in
another direction

Zoom the camera
out and to the left

Move the white
bucket more in front

of the body of the
person on the left

Move the camera up
to capture more

objects in the upper
part of the picture

Show a hand holding
a yellow card

Rotate the Rubik’s
cube so the front

face is now on top

Make the man bend
a bit

Move the camera left
a bit to capture the
first person on the

left well

Carry the products
to another place

Move the camera up
to show the hole

upwards

Bring the girl’s hands
closer to her face as

if she’s about to
shout

Move the camera to
capture the girls

from another angle

Figure C.26: From a dataset we collected similar to Action-Genome-Edit but discarded
in the end: 16 randomly sampled training datapoints from MSR-VTT-Edit dataset.
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C.11 Details of EditDAAM

In this section, we try to go in more detail into Section 3.5.4 (EditDAAM). The

main goal is to answer how the model understands the input image and instruc-

tion and how the input image is manipulated to generate the final image based

on the instruction. For this we analyze the attention maps the model and found

out that the majority of the understanding and reasoning occurs during the first

iteration of the diffusion process. It is at this stage that the model determines

the appropriate course of action. In subsequent iterations, the model focuses

on localization and refine upon the reasoning established in the previous steps.

Figure C.27: For the prompt ’Put a cat on the seat,’ we observe that crucial
decisions are made at the initial timestep (T=1), and subsequent iterations
progressively refine the heatmaps, enhancing the model’s understanding based
on previous iteration.

To understand the crucial first iteration, we analyze the U-Net architecture’s

three modules: down, middle, and upper. Our findings show that the down

and middle modules are responsible for comprehending the input image and

localizing objects based on the prompt. The upper module then performs the
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reasoning task, deciding where to make changes or place objects according

to the instruction. Below represents the images Below represents the figure

which shows the Input image and its corresponding generated image. Down

layers represent the average of all attention maps present in the down module

in the first iteration of the diffusion process. The middle layers and upper layers

represent the average of attention maps in their respective modules in the first

iteration.

Figure C.28: Prompt: Put the white porcelain ramekin on the right hand of the

brown shoe. We show attention maps for three levels of U-Net layers: Down,
Middle, Upper.
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Figure C.29: Prompt: put the white porcelain ramekin on the right hand of the
brown shoe. Down Module: The model interprets salient low-level features and
gradually recognizes image parts based on the given prompt. Middle Module:

This module localizes all objects mentioned in the prompt, which are necessary
for reasoning. Upper Module: This module aggregates information from the
down and middle modules and performs spatial reasoning. In the forth upper
module heatmap, the model concentrates on the right side of the shoe, where it
intends to place the object, consistent with the prompt. We observe that (Zhang
et al., 2024) and (Brooks et al., 2023) lack this kind of spatial reasoning.
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Figure C.30: Prompt: put the white-black shoes further right. Input Image: The
image consists of shoes and a cat. The prompt is to move the white-black shoe
to the right.Generated Image: We can observe that the AURORA model accu-
rately comprehended the prompt and positioned the white-black shoe correctly,
outperforming (Zhang et al., 2024) and (Brooks et al., 2023).Down Layers: This
heatmap represents the average attention maps of the down module, indicating
that all three modules attempt to understand the input image.Middle Layers: It
represents the heatmap of the middle modules, which localize all the objects
present in the prompt. Upper Layers: This represents the average of the upper
module, and we can see that the AURORA model demonstrates a good spatial
understanding and decides where to place the object, as evident in the heatmap,
unlike (Zhang et al., 2024) and (Brooks et al., 2023), which fail to comprehend
the prompt accurately.
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Figure C.31: Prompt: Put the white-black shoes further to the right. Down

Module: The model interprets salient low-level features and gradually recog-
nizes image parts based on the given prompt. Middle Module: This module
localizes all objects mentioned in the prompt, which are necessary for reasoning.
Upper Module: This module aggregates information from the down and middle
modules and performs spatial reasoning. In the third upper module heatmap,
the model concentrates on the right side, where it intends to place the object,
consistent with the prompt. We observe that (Zhang et al., 2024) and (Brooks
et al., 2023) lack this kind of spatial reasoning.
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Figure C.32: Prompt: change the car to a truck. Input Image: The image
consists of a cat and a car. The task is to change the car to truck.Generated

Image: Only AURORA is able to generate the right image which follows the
prompt. Down Layers: The module attempts to understand the input image,
focusing on the cat and car.Middle Layers: This heatmap shows the middle
module localizing both objects mentioned in the prompt: the cat and the car to
be changed.Upper Layers: The average heatmap of the upper module shows
AURORA demonstrating strong reasoning, deciding where to place the truck in
relation to the cat, outperforming other models that fail to accurately interpret
the prompt.
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Figure C.33: Prompt: change the car to a truck. Down Module: The model inter-
prets salient low-level features and gradually recognizes image parts based on
the given prompt. Middle Module: This module localizes all objects mentioned
in the prompt, which are necessary for reasoning. Upper Module: This module
aggregates information from the down and middle modules and performs spa-
tial reasoning. In the third upper module heatmap, the model concentrates on
the right side, where it intends to place the object, consistent with the prompt.
We observe that (Zhang et al., 2024) and (Brooks et al., 2023) lack this kind of
spatial reasoning.

C.12 Comparison of most common verbs and nouns

The following analysis (see Figure C.34) was conducted for the rebuttal and here

is our explanation from the rebuttal itself:

"The remaining limitation is an understanding of the landscape of actions

and reasoning that can be considered. For example, there are many many verbs

that one could use in a reasoning context – even visual genome has a large number

of verbs": It would be fascinating to see if there is a different distribution of verbs

between broad generic VL captioning datasets and datasets tailored for action-

editing! Even before conducting further experiments, we can already say that

a lot of edits have the generic verbs like "move", which is nonetheless often
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still a complex task: "Move the cup closer to the plate" is a very different move

than "Move the hand closer to their hair", where the exact action required is

implicit in the scene/affordances/angles and not reflected in the textual "move".

I think this is somewhat inherent to the editing task itself where captions tend

to be shorter than traditional caption datasets, often with simpler verbs "make

OBJECT ATTRIBUTE" (make the horse darker) or "replace/add OBJECT". So

another interesting comparison would be the distribution of verbs in traditional

(object/attribute) editing vs. our focus on action editing. Finally, we note that a

lot of complexity in our data comes from other linguistic constituents such as

prepositions or adjectives/adverbs, e.g. "Move the hand slightly closer under the

table with the finger pointing upward" where slightly, closer, under, upward are

all interesting to understand but not verbs. To study the frequency differences to

established caption datasets, we visualize the verb and noun distribution in MS-

COCO, AURORA as well as the four subsets of AURORA. See PDF figure caption

for the details! Overall, the verbs are less diverse but as described above a lot

of the complexity comes from other textual or visual aspects. On top, the verbs

are quite different to COCO and notably also quite different to more established

object/attribute-centric editing. Also note that while "make" is a very frequent

verb, it can often be accompanied with one of the other verbs like "make the

person stand up".
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(a) MS-COCO Verbs (b) MS-COCO Nouns

(c) AURORA Verbs (d) AURORA Nouns

(e) Action-Genome-
Edit Verbs

(f ) Action-Genome-
Edit Nouns

(g) Something-Something-Edit Verbs (h) Something-Something-Edit Nouns

(i) Kubric-Edit Verbs (j) Kubric-Edit Nouns

(k) MagicBrush Verbs (l) MagicBrush Nouns

Figure C.34: Frequencies of verbs and nouns in caption and instruction-

editing datasets. We draw attention to three comparisons: First, how MS-COCO
verbs (a) differ from our collection of editing datasets (c). Second, how our
action-centric editing verbs (e,g,i) differ from object/attribute-centric editing
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C.13 Behind the scenes

In this section we want to document the whole research process and not just

the final product. Specifically, we show how the paper went from first idea to

what you read here. By doing this, we also show the things that did not work and

might be insightful for other researchers.

We started the project in January 2024 coming out of the Christmas holidays:

The first author had realized that another project wasn’t going anywhere 1, and

was going through some other ideas with the more senior authors. We settled

on the broad direction of “How can we leverage nearby video frames for image

editing¿‘ because it seemed like learning from videos for these sorts of tasks is

the next step that not many have explored, and because it fitted into the story of

previous PhD papers of the first author.

Most of January, February and March were spent scouting various datasets:

C.13.1 Discarded/unsuccessful datasets

Simply repurposing change caption or contrastive datasets (Park et al., 2019;

Wang et al., 2023a; Krojer et al., 2022) that contain two images and some captions

of how they are different is not enough: To give one example, change captions

are often underspecified (“the car changed its location”, “the man is not touching

the shelf”) with nondescript prompts or images containing more changes than

described in prompts.

We also experimented with the initial pre-training stage on noisier but large

scale data such InstructPix2Pix, i.e. adding noisier video-data or HQ-Edit to

the mix. But we found these datasets not very helpful via manual inspection

of outputs: they often diverge strongly from the source image, or artifacts of

automatic data curation (GenHowTo)

We came across (Michel et al., 2023) too late. It might have either comple-

mented or even replaced Kubric for the synthetic generation part.

1It was one of those interesting toy problem that is fun to work on but too nice to attract much
attention probably.
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We even collected almost 10K change/edit descriptions on top of nearby

frames from MSR-VTT videos (Xu et al., 2016), see Figure C.26 for 16 samples

from this collected data. At that point, in late March we finally began to realize

how much harder this task was than we initially expected: Most videos are not

really suitable, so even with high-quality human annotation it won’t lead to a

strong editing model. Videos are hard to learn from!

Initially we had set out to build a very general editing model, thus looking at

very general video datasets from all of YouTube or lots of movies. We ended up

using narrower videos depicting well-defined actions since videos in the wild do

not depict meaningful edits. This narrowed scope was initially frustrating but

ultimately led to a better paper.

C.13.2 Reflections on choosing and managing a research project

(from a first person perspective of the first author)

This project taught me how important it is to really really define your research

question and contribution as early as possible, and for that it helps knowing

the literature and what it means to contribute to science. I should know early

whether my main contribution is methodological, a new training dataset or

better evaluation, or something else! From there, I should have one (or maybe

two) clear research question in mind (and not five!). This doesn’t mean there

can be other questions but ideally they should be sub-questions of the main one

and emerge as ablation studies later on. Most of these lessions were painfully

learned during the final writing which becomes very hard when there is too

many things you wanted to contribute and the project was many different things

at different points.

C.13.3 Tips for anyone working on something similar

1. Learning from videos is hard so don’t naively assume large-scale YouTube

will solve anything. Lots of curation is needed.

2. I am curious if video generation is a more viable approach to the edits we
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are looking at. However it is more costly if all you care about is the edit

so maybe there is some way to compress/distill the video model into an

editing model?

3. Good metrics are almost non-existant. Please don’t use old ones simply

because someone else did. Rely on human ratings, and do them well. Let’s

build better metrics!

4. Image editing seems like a more intriguing problem for people interested

in vision-and-language reasoning, compared to the more mainstream

text-to-image generation.
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C.14 Datasheet for Dataset “AURORA”

C.14.1 Motivation

The questions in this section are primarily intended to encourage dataset cre-

ators to clearly articulate their reasons for creating the dataset and to promote

transparency about funding interests.

For what purpose was the dataset created?

We collected AURORA since there is no current high-quality dataset for instruction-

guided image editing where the instruction is an action such as "move carrots

into the sink". This is an important subtask of image editing and can enable

many downstream applications.

Who created the dataset (e.g., which team, research group) and on behalf of

which entity (e.g., company, institution, organization)?

It was developed primarily at "Mila - Quebec Artificial Intelligence Institute",

specifically in Siva Reddy’s lab by his PhD student Benno Krojer.

Who funded the creation of the dataset?

The dataset was funded by the PI, Siva Reddy.

Any other comments?

None.

C.14.2 Composition

Most of these questions are intended to provide dataset consumers with the infor-

mation they need to make informed decisions about using the dataset for specific

tasks. The answers to some of these questions reveal information about compli-

ance with the EU’s General Data Protection Regulation (GDPR) or comparable

regulations in other jurisdictions.
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What do the instances that comprise the dataset represent (e.g., documents,

photos, people, countries)?

Each datapoint is a triplet of (source image, prompt, target image), i.e., (an image

of a dog, "make the dog smile", an image of a dog smiling).

How many instances are there in total (of each type, if appropriate)?

There are 399K instances in total, distributed across four sub-datasets.

Does the dataset contain all possible instances or is it a sample (not necessarily

random) of instances from a larger set?

It is not really a sample, but we did have to filter out video frames that were too

noisy or showed too much change such as camera movement.

What data does each instance consist of?

Two raw images (source & target), and a string (the prompt).

Is there a label or target associated with each instance?

The target image is the structure that the model has to predict during training

and test time.

Is any information missing from individual instances?

No.

Are relationships between individual instances made explicit (e.g., users’

movie ratings, social network links)?

In MagicBrush there are sequential edits, that are indicated by the json key

"img_id".

Are there recommended data splits (e.g., training, development/validation,

testing)?

We release training data separately from the AURORA-Bench data. The test data

is much smaller and the test split of each of our training sub-datasets contributes

to it.
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Are there any errors, sources of noise, or redundancies in the dataset?

The main source of noise comes with the video-frame-based data where some-

times there can be more changes than described in language.

Is the dataset self-contained, or does it link to or otherwise rely on external

resources (e.g., websites, tweets, other datasets)?

Self-contained, except that we ask people to download the videos from the

original Something Something website, instead of providing the actual image

files.

Does the dataset contain data that might be considered confidential (e.g., data

that is protected by legal privilege or by doctor-patient confidentiality, data

that includes the content of individuals’ non-public communications)?

No, it was crowd-sourced with paid workers who agreed to work on this task.

Does the dataset contain data that, if viewed directly, might be offensive,

insulting, threatening, or might otherwise cause anxiety?

No.

Does the dataset relate to people?

Especially the Action-Genome-Edit data depicts people in their homes.

Does the dataset identify any subpopulations (e.g., by age, gender)?

We do not know the exact recruitment for Action-Genome and Something Some-

thing videos (we build on top of these), but there are usually requirements such

as speaking English.

Is it possible to identify individuals (i.e., one or more natural persons), either

directly or indirectly (i.e., in combination with other data) from the dataset?

If someone really tried, they might be able to identify some of the people in

Action-Genome-Edit since they are shown fully and in their home.
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Does the dataset contain data that might be considered sensitive in any way

(e.g., data that reveals racial or ethnic origins, sexual orientations, religious

beliefs, political opinions or union memberships, or locations; financial or

health data; biometric or genetic data; forms of government identification,

such as social security numbers; criminal history)?

No.

Any other comments?

None.

C.14.3 Collection process

The answers to questions here may provide information that allow others to

reconstruct the dataset without access to it.

How was the data associated with each instance acquired?

For the sub-datasets MagicBrush, Action-Genome-Edit and Something-Something-

Edit the prompts were written by humans and in the case of MagicBrush, the

edited images were also produced in collaboration with an AI editing tool

(DALL-E 2).

What mechanisms or procedures were used to collect the data (e.g., hardware

apparatus or sensor, manual human curation, software program, software

API)?

For the data we collected ourselves with humans (Action-Genome-Edit), we

used Amazon Mechanical Turk.

Who was involved in the data collection process (e.g., students, crowdworkers,

contractors) and how were they compensated (e.g., how much were crowd-

workers paid)?

We worked with 7 workers from Amazon Mechanical Turk and paid them $0.22

USD per example.
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Over what timeframe was the data collected?

Around a week at the end of April 2024 for the main collection of Action-Genome.

Were any ethical review processes conducted (e.g., by an institutional review

board)?

No.

Does the dataset relate to people?

Only in the sense that the prompts were written by people and that 1-2 dataset

we build on top of depicts people.

Did you collect the data from the individuals in question directly, or obtain it

via third parties or other sources (e.g., websites)?

We collected it directly from AMT.

Were the individuals in question notified about the data collection?

Workers on AMT see the posting with details like price and task description.

Did the individuals in question consent to the collection and use of their data?

They implicitly agreed to various uses through the terms of service by MTurk.

If consent was obtained, were the consenting individuals provided with a

mechanism to revoke their consent in the future or for certain uses?

I am not sure about that part of MTurk’s legal agreement.

Has an analysis of the potential impact of the dataset and its use on data

subjects (e.g., a data protection impact analysis) been conducted?

No.

Any other comments?

None.
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C.14.4 Preprocessing/cleaning/labeling

The questions in this section are intended to provide dataset consumers with the

information they need to determine whether the "raw" data has been processed in

ways that are compatible with their chosen tasks.

Was any preprocessing/cleaning/labeling of the data done (e.g., discretization

or bucketing, tokenization, part-of-speech tagging, SIFT feature extraction,

removal of instances, processing of missing values)?

We mainly filtered out image pairs with too many changes: We told workers to

discard images with too many (or in rare cases too few changes).

Was the "raw" data saved in addition to the preprocessed/cleaned/labeled

data (e.g., to support unanticipated future uses)?

It was not directly saved but can be accessed again by downloading the original

sources we build upon.

Is the software used to preprocess/clean/label the instances available?

We provide scripts on how to go from raw videos/frames to the cleaner ones on

our repository.

Any other comments?

None.

C.14.5 Uses

These questions are intended to encourage dataset creators to reflect on the tasks

for which the dataset should and should not be used. By explicitly highlight-

ing these tasks, dataset creators can help dataset consumers to make informed

decisions, thereby avoiding potential risks or harms.

Has the dataset been used for any tasks already?

We used it to train an image editing model. We expect similar applications, also

to video generation models.
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Is there a repository that links to any or all papers or systems that use the

dataset?

Our code repository, or https://github.com/OSU-NLP-Group/MagicBrush.

What (other) tasks could the dataset be used for?

Training models for video generation, change descriptions (i.e. Vision-and-

Language LLMs) or discrimination of two similar images.

Is there anything about the composition of the dataset or the way it was col-

lected and preprocessed/cleaned/labeled that might impact future uses?

Not that I can think of.

Are there tasks for which the dataset should not be used?

Unsure.

Any other comments?

None.

C.14.6 Distribution

Will the dataset be distributed to third parties outside of the entity (e.g., com-

pany, institution, organization) on behalf of which the dataset was created?

We will fully open-source it and provide access via Zenodo/json files as well as

Huggingface Datasets.

How will the dataset will be distributed (e.g., tarball on website, API, GitHub)?

Both Zenodo and Huggingface datasets.

When will the dataset be distributed?

The weeks after submission to NeurIPS Dataset & Benchmark track, so in June

2023.
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Will the dataset be distributed under a copyright or other intellectual property

(IP) license, and/or under applicable terms of use (ToU)?

We stick with the standard open-source license: MIT License

Have any third parties imposed IP-based or other restrictions on the data

associated with the instances?

Something Something is the only dataset with a restricted license.

Do any export controls or other regulatory restrictions apply to the dataset or

to individual instances?

Official access and licensing of Something Something dataset: https://

developer.qualcomm.com/software/ai-datasets/something-something.

Any other comments?

None.

C.14.7 Maintenance

These questions are intended to encourage dataset creators to plan for dataset

maintenance and communicate this plan with dataset consumers.

Who is supporting/hosting/maintaining the dataset?

The main author is responsible for ensuring long-term accessibility, which relies

on Zenodo and Huggingface.

How can the owner/curator/manager of the dataset be contacted (e.g., email

address)?

benno.krojer@mila.quebec (or after I finish my PhD benno.krojer@gmail.com)

Is there an erratum?

Not yet!
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Will the dataset be updated (e.g., to correct labeling errors, add new instances,

delete instances)?

Not sure yet. If we find that people are interested in the data or trained model,

we will continue our efforts.

If the dataset relates to people, are there applicable limits on the retention of

the data associated with the instances (e.g., were individuals in question told

that their data would be retained for a fixed period of time and then deleted)?

No.

Will older versions of the dataset continue to be supported/hosted/maintained?

If there ever was an update, yes.

If others want to extend/augment/build on/contribute to the dataset, is there

a mechanism for them to do so?

Since we use a non-restricting license (MIT license), anyone can build on top or

include in their training data mixture.

C.14.8 Any other comments?

No. We hope the data is useful to people!
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D
Appendix for Chapter 4

D.1 Limitations

Our method is limited to image-text matching and cannot tackle other task

formulations such as VQA (Agrawal et al., 2015; Suhr et al., 2019). Additionally,

taking more noise samples for a given image-text pair leads to better perfor-

mance up to a certain point (see Figure D.5). This results in slower inference

time and can hopefully be mitigated with future innovations.

Measuring bias is a crucial aspect of model evaluation and should not be

considered secondary to the “performance” of the model. Unfortunately, the

dataset from (Janghorbani and De Melo, 2023) does not include gender bias but

other datasets such as (Zhou et al., 2022) could also be incorporated. In any

case, evaluating bias related to personal identities such as nationality, race, and

sexual orientation presents certain limitations. These labels are nuanced and not

always accompanied by visible identifying characteristics. Consequently, image
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datasets depicting these groups have limited capacity to fully represent these

demographics and intersectional identities. While we recognize that assigning

a bias score based on these limited resources might not be entirely accurate,

it is a vital first step in the right direction.1 It is also important to note that

the bias evaluation has only positive predictive power, meaning that a large

effect size is an indication of bias, but a low one does not necessarily verify

that the model is fair. Moreover, the bias effect size (Eq 4.8) may sometimes

be unreliable (Meade et al., 2022). This should serve as a preliminary analysis

of biases present in the model, which require further investigation using more

nuanced and comprehensive methods, including broader qualitative analysis

and consultation with social scientists.

D.2 DrawBench Evaluation

As described in Sec. 4.5, we manually compare our best HardNeg Stable Diffusion

with vanilla Stable Diffusion on the DrawBench benchmark (Saharia et al., 2022).

It contains 200 curated challenging prompts along 11 categories. We only select

these categories that are relevant to the phenomena studied in this paper (spatial,

compositional, attribute binding, ...) and drop categories such as Text (i.e. A

storefront with ‘Hello World’ written on it.). This leaves us with 6 categories and

104 prompts:

1For a comprehensive discussion on the limitations of fixed labels inferable from a person’s
appearance, creating datasets based on such visual factors for bias analysis, as well as the
discussion on the consequences of biased image generation systems, refer to (Luccioni et al.,
2023).
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Category Prompts

Colours A brown bird and a blue bear.

Conflicting A horse riding an astronaut.

Counting One cat and three dogs sitting on the grass.

DALL-E
An illustration of a small green elephant standing

behind a large red mouse.

Gary Marcus et al. An elephant is behind a tree. You can see the trunk on one

side and the back legs on the other.

Positional A train on top of a surfboard.

Table D.1: DrawBench categories with examples

Next we generate images for each prompt with both models and display

them randomly to an author as left or right image. We judge whether the left

or right image is better aligned with the text and do not focus on image quality.

Because we only focus on high-level alignment with text, we observe many ties

as both models exhibit the same level of alignment. We repeat this process with

another seed, leaving us with 208 blind comparisons. Out of those, our HardNeg

model is judged better almost twice as often as vanilla Stable Diffusion (60 vs.

33). The rest (115) are ties.

We show an example where HardNeg is more text-aligned as well as a tie

below:
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(a) Prompt: A stack of 3 books. A green

book is on the top, sitting on a red book.

The red book is in the middle, sitting on

a blue book. The blue book is on the bot-

tom. Zero-shot (left) gets it completely
wrong while our finetuned Stable Diffu-
sion (right) is quite close to the text.

(b) Prompt: A wine glass on top of a

dog. One of many examples where
both models either fail or succeed to
an equal extent to capture the text.

Figure D.1: Examples of DrawBench prompts with vanilla Stable Diffusion and
HardNeg Stable Diffusion.

Since HardNeg is not strictly better than NoNeg in our experiments (see

Tab. 4.2), we conduct the same study with these two models: HardNeg wins

50 comparisons and NoNeg only 38. While this is not statistically significant, it

indicates that HardNeg finetuning is useful for image-text-alignment.

D.3 Visualizing image editing with input optimiza-

tion and standard denoising

Optimizing the input image directly via backpropagation has shown promise

in the diffusion literature (Poole et al., 2022; Samuel et al., 2023). It also leads

to qualitatively insightful images that differ from standard image editing with

Stable Diffusion. Concretely, we optimize the input image (i.e. the latent z)

with Adam (lr=0.05, 200 steps) based on the noise prediction loss where noise

is added at timestep t = 0.5. In other words: the input image itself is modified

such that it leads to a lower noise prediction error. Note that this was generated

with Stable Diffusion 1.5 before we adopted 2.1 into our experiments.
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(a) Given the caption “Boy in brown shirt with headphones on sits on woman’s shoulders

in a crowd”, we optimize the correct image (left) and three similar but incorrect ones.
The right side of each image shows the result after 200 optimization steps.

(b) Given the caption “Two men, standing on an ice, looking into something covered with

a blue tarp”, we optimize the correct image (left) and three similar but incorrect ones.
The right side of each image shows the result after 200 optimization steps.

Figure D.2: We visualize the underlying intuition of our presented methods that
image-text pairs that do not fit will lead to more edits. For example in a) we can
see how the model needs to add a boy with headphones except for the correct
image.

Next, we compare image optimizaton to the more established image editing

approach to visualize the models reasoning, i.e. the denoising process does not

start from pure noise but from a partially noisy image. Below, we show different

strength factors between 0.4 and 0.7 for the same two examples as above and

denoise for the corresponding amount of steps (according to recommended

HuggingFace Diffusers parameters a value of 0.5 would correspond to 25 denois-

ing steps opposed to the usual 50 steps from pure noise). A lower strength factor

means less added noise and therefore less editing.
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(a) Given the caption “Boy in brown shirt with headphones on sits on woman’s shoulders

in a crowd”, we denoise the correct image (left) and three similar but incorrect ones with
varying strength factors (”how much noise is added before denoising”) starting with 0.4
at the top row and moving on to 0.5, 0.6 and 0.7 in lower rows.

(b) Given the caption “Two men, standing on an ice, looking into something covered with

a blue tarp”, we denoise the correct image (left) and three similar but incorrect ones
with varying strength factors (”how much noise is added before denoising”) starting
with 0.4 at the top row and moving on to 0.5, 0.6 and 0.7 in lower rows.

Figure D.3: Similar to Figure D.2 we can see how in headphones are added in
the incorrect images in a) or how in the third row of b) a blue structure is added.
However the edits are overall less reliable and either change too little or too
much.
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D.4 Bias Evaluation Details

Table D.2: Additional bias evaluation results for Buddhism. Positive effect sizes
indicate bias towards target group X, negative effect sizes indicate bias towards
Y. Effect sizes closer to 0 are less biased and statistically significant effect sizes at
p < 0.01 are denoted by ∗.

Target X Target Y SD 2.1 SD 1.5 CLIP RN50x64 CLIP ViT-B/32

Religion

Buddhist Muslim 0.79* 0.94* 1.62* 1.63*

Buddhist Christian -0.19 -0.16 0.24* -0.78

Buddhist Hindu -0.11 -0.47 0.46* -0.48

Buddhist Jewish 0.93* 0.97* 1.68* 1.25*

D.5 CLEVR Detailed Performance

In contrast to many other GDBench tasks, we did not show accuracies on the

CLEVR subtasks in the main paper. However depending on the task Diffusion-

ITM’s performance varies a lot: Ignoring trivial tasks like colour recognition it

gets the highest score on Pair Binding Colour (84.5%) which involves selecting

the right caption among two captions such as A gray cylinder and a purple sphere

vs A purple cylinder and a gray sphere. On the other hand on spatial it is close

to random chance (i.e. On the right is a gray cylinder vs On the left is a gray

cylinder), in line with findings on the Imagen model (Clark and Jaini, 2023).
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CLEVR task Diffusion Classifier HardNeg-DiffusionITM (Ours) CLIP RN50x64

Pair Binding (Size) 61.1 70.2 35.5
Pair Binding (Colour) 84.5 86.9 53.0
Binding (Shape | Colour) 54.7 58.3 50.7
Binding (Colour | Shape) 56.8 67.5 52.9
Recognition (Colour) 89.1 93.5 96.3

Recognition (Shape) 85.3 89.4 78.7
Spatial 43.9 47.6 49.6

Average 67.9 73.3 59.5

Table D.3: Detailed CLEVR results.

D.6 Further analyses and plots

Diminishing returns of increasing the number of noise-timestep samples? We

show in Figure D.5 that accuracy hits a plateau on Flickr30K text retrieval around

a sample size of 100. We used 250 in main results Table 4.1 since we didn’t test

this on all datasets.

Can we use the same idea of normalizing with unconditional-text also

for images? For the sake of completeness, we also test the “inverse” of our

proposed method for text retrieval, i.e. “image-unconditional” denoising as a

normalization to subtract from the normal denoising error. For this we use gray

images as the “average image” but find a significant drop in performance.

What happens if we apply the hard negative loss without threshold λ in

Eq. (4.7)? Not thresholding the negative loss (4.7) leads to more improvements

on ARO (i.e. performance jumps to 63.1% on COCO Order compared to the

best thresholded finetuning performing of 34.9%) but significantly lower perfor-

mance on the other tasks such as a drop from 60.9% zero-shot on Pets (Table 4.2)

to 53.2%. However this uncontrolled objective is short-lived as it leads to random

performance on all tasks shortly after this partially successful checkpoint (which

was less than 1 epoch into training).
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(a) Flickr30K Text Retrieval

(b) ARO - Flickr30K Order

(c) ARO - VG Attribution

Figure D.4: As described in section 4.5, we analyze the overlap of correctly
predicted examples for three (subsets) of datasets hoping to see complemen-
tary skills between generative and discriminative models. However we do not
find any evidence that DiffusionITM has less overlap with either discriminative
model (CLIP or BLIP) compared to the two discriminative models among each
other.
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Figure D.5: Performance on Flickr30 Text Retrieval with varying sample size of
noise-timestep pairs (ϵ, t) per image-text score. We see little benefit of using
more than 100-200 samples on this dataset.
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Figure D.6: Updated comparison of different Stable Diffusion version on
GDBench tasks, here also included the recent SDXL (Podell et al., 2024) un-
like Fig. 4.2. We discuss the surprsingly low SDXL numbers in Sec. 4.6.

D.7 More technical details

Task formulation details: The numbers we report for Flickr30K image and

text retrieval are not directly comparable with previous tasks since retrieving

from thousands of images or texts is not feasible with the current DiffusionITM

method. Instead we frame it as retrieving from the top-10 candidates selected

by a CLIPRN50x64 model (and if the correct one is not among them, we put it

in). For all other tasks the setup is the same.

Hard negative finetuning: We adopt the exact list of negatives used in

(Yuksekgonul et al., 2023b) which includes several text hard negatives (sub-

section 4.3.2 and several image hard negatives per image-text pair. The images

are the nearest neighbor images based on CLIP embeddings.
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E
Appendix for Chapter 5

E.1 Limitations

We acknowledge several limitations of our approach:

• Storage requirements: LATENTLENS requires pre-computing and storing

a large corpus of contextual embeddings, which incurs storage overhead

compared to methods like LogitLens that rely solely on model weights. Our

current corpus uses float8 compression to reduce storage to approximately

25% of float32 size, but the storage cost scales with both corpus size and

the number of LLM layers analyzed.

• Corpus constraints: Our interpretability judgments are constrained by

the Visual Genome corpus used for contextual embeddings. Domains

not well-represented in this corpus (e.g., specialized scientific imagery,

non-Western cultural contexts) may yield less meaningful interpretations.
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Future work could explore domain-specific corpora or dynamic corpus

generation.

• Noun bias: The dominance of nouns in our nearest-neighbor results (ap-

proximately 45–50% as shown in Section E.10.2) may partly reflect corpus

biases in Visual Genome rather than fundamental properties of visual

token representations. Visual Genome’s region descriptions naturally em-

phasize objects and entities over actions or relations.

• Model scope: While we study 15 VLM configurations (9 controlled setups

plus 6 off-the-shelf VLMs), our findings may not generalize to architectures

that differ substantially from the transformer-based models we analyze.

In particular, we focus on frozen LLMs with MLP connectors; models with

different connector architectures (e.g., Q-Former, Perceiver) or training

paradigms may exhibit different interpretability patterns.

• Evaluation subjectivity: Despite validating our LLM judge against human

annotations (κ= 0.68), interpretability judgments retain inherent subjec-

tivity. What constitutes a “meaningful” interpretation depends on the task

and context. Our binary interpretable/non-interpretable classification

may miss nuances in interpretation quality.
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Appendix Overview

E.1 Limitations — Storage, corpus constraints, noun bias, model scope, evalu-

ation subjectivity

E.2 LATENTLENS Design — How the corpus of contextual embeddings was

built and stored

E.3 LLM Judge — LLM judge prompt, human annotation protocol, and valida-

tion

E.4 Ablations — Robustness to seed, connector depth, caption detail, and task

type; training dynamics showing when interpretability emerges

E.5 Tuned Lens Comparison — Learned affine probes do not improve over

LogitLens on visual tokens; LATENTLENS wins by 47–71 pp

E.6 L2 Norm Analysis — Visual tokens have higher L2 norms and behave

differently

E.7 Cosine Similarity Distributions — Bimodal patterns in NN similarity

E.8 Layer Alignment Details — Token drift through LLM processing

E.9 Off-the-Shelf Model Analysis — Mid-Layer Leap heatmaps for all 6 off-

the-shelf VLMs; deeper analysis for Qwen2-VL

E.10 Fine-grained Interpretation Analysis — POS tags, visual attributes, inter-

pretation types

E.11 Phrase-Level Interpretations — How helpful phrase-level interpretations

are compared to single words

E.12 Dynamic Corpus Generation — Evolutionary search to generate better

descriptions with maximal cosine similarity

E.13 Captioning Quality — Ensuring our models produce good captions with

DCScore

E.14 Qualitative Examples — 20 non-cherry-picked for LATENTLENS, LogitLens

and EmbeddingLens

E.15 Behind The Scenes — Beyond the polished final product (this paper), we

show stories, lessons learned, the messy reality of science
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E.2 LATENTLENS Design

E.2.1 Contextual Embedding Corpus

For LATENTLENS, we extract embeddings from Visual Genome (Krishna et al.,

2017) phrase-region annotations. We process 2.99M phrases (2,991,848 unique

after deduplication) through each LLM, storing up to 20 contextual embeddings

per vocabulary token at layers [1, 2, 4, 8, 16, 24, N-2, N-1] where N is the number

of layers. This results in approximately 2.5M embeddings across 26,862 unique

tokens per layer. To reduce storage requirements, embeddings are stored in

float8 format (25% of fp32 size). We provide embeddings for OLMo-7B, LLaMA3-

8B, Qwen2-7B, and Qwen2-VL-7B-Instruct.

The corpus was chosen because Visual Genome contains the right level of

detailed descriptions for visual scenes and objects (e.g., “the door of a pickup

truck”, “multiple cows standing in a field”), providing contextual embeddings

that are semantically relevant to our task of interpreting visual tokens. Each

phrase is processed through the LLM, and we use reservoir sampling to limit

storage to 20 embeddings per token per layer.

E.3 Human Annotations and LLM Judge Design

We developed the LLM judge through iterative prompt refinement, particularly

regarding: showing only the full image with a red box around the region of

interest vs. additionally showing that cropped region as a separate image; how

to explain the exact task in prompt format. We designed both a word-level and

sentence-level judge, and find that the word-level is more reliable. Providing full

sentences instead leads to more frequent over- or under-interpretations with

LLM reasoning that finds associations where none might exist.

We then validate the LLM judge via correlation with humans: Do humans

and the LLM judge mostly agree whether certain top-5 nearest neighbors are

interpretable given a region in the image and the whole image context?
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E.3.1 LLM Judge Prompt

We use GPT-5 with the following prompt:
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You are a visual interpretation expert specializing in connecting textual concepts

to specific image regions. Your task is to analyze a list of candidate words and

determine how strongly each one relates to the content of the highlighted region.

Inputs

1. Full Image: An image containing a red bounding box highlighting the region of

interest.

2. Cropped Region: A close-up view of the exact region highlighted by the red

bounding box. Only rely on this if it is too small in the full image (e.g. text is too

small to read), otherwise rely on the full image.

3. Candidate Words: A list of words to evaluate.

Evaluation Guidelines

There are three types of relationships to consider between the candidate words

and the highlighted region:

Concrete: A word is concretely related if it names something that is literally visible

in the cropped region. This includes: objects or parts of objects clearly present;

colors, textures, or materials visible; text, numbers, or symbols shown; shapes,

patterns, or visual features.

Abstract: A word is abstractly related if it describes broader concepts, emotions,

or activities related to what’s shown in the cropped region, but isn’t literally

present. This includes: emotions or feelings (beautiful, scary, peaceful); activities

or functions (driving, cooking, reading); cultural or conceptual associations (lux-

ury, tradition, modern); qualities or characteristics (elegant, rustic, professional);

anything deemed semantically related to the region or the whole image context.

Global: A word is globally related if it describes something that exists elsewhere

in the full image (outside the highlighted region), but not in the cropped region

itself. This includes: objects visible in other parts of the image; colors present in

other parts; text or elements in different regions.

Important Note: For regions with text, the connection can be concrete (charac-

ters/words shown) or abstract (concepts implied by the text).

Output Format

Return a JSON object with: reasoning (string), interpretable (true/false),

concrete_words (list), abstract_words (list), global_words (list).
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Figure E.1: Screenshot of the human annotation interface. Annotators see the
image with a highlighted region (red box) and the top-5 candidate descriptions.
For each candidate, they select whether it is related to the region concretely,
abstractly, globally, or not at all.

E.3.2 Human Annotation and Validation

To validate our automated LLM judge, the authors manually annotated visual to-

kens across all three interpretability methods: EmbeddingLens (360 instances),

LATENTLENS (300 instances), and LogitLens (360 instances), totaling 1,020 anno-

tations. For each instance, we showed annotators the image with the highlighted

region and the top-5 candidate descriptions from the respective method (Fig-

ure E.1). Annotators indicated which candidates (if any) were related to the

region—either concretely (directly visible), abstractly (conceptually related), or

globally (present elsewhere in image). Each instance was annotated by at least

one author, with an average of 1.8 annotators per instance.

A visual token is labeled interpretable if a majority of annotators selected at

least one candidate as related. Comparing human majority vote against the LLM

judge, we find substantial agreement: Cohen’s κ= 0.68 and accuracy = 84.4%

across all 1,020 instances.
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Table E.1: Ablation results showing LATENTLENS interpretability change and

nearest-neighbor overlap with baseline, averaged across all layers. ∆ Interp.:
Change in % interpretable (baseline = 72.3%). Top-5 NN Overlap: Average
number of matching neighbors out of 5. Token = same subword; Phrase = same
full caption. Captioning ablations maintain interpretability with partial overlap
(∼2/5), suggesting multiple valid mappings exist.

Top-5 NN Overlap

Model Variant ∆ Interp. Token Phrase

Baseline (OLMo + ViT-L) 72.3% — —

Different seed +0.4% 2.5 2.2
Linear connector −0.2% 2.1 2.0
First-sentence captions −2.5% 1.8 1.5
Unfrozen LLM +5.5% 1.9 1.5

Spatial Task (frozen) −34.2% 0.0 0.0
Spatial Task (unfrozen) −30.2% 0.0 0.0

E.4 Ablations

In this subsection we ablate several components of our training setup to deter-

mine to what extent our findings depend on our particular setup. In other words,

will a given image patch be mapped to the same nearest-neighbour words, re-

gardless of training data, task, or mapping function? Specifically, if we do find

similar LATENTLENS interpretations of the same input across ablations, it could

imply that visual tokens represent something akin to raw task-independent

input and all the task-specific extraction and computation is conducted by the

LLM.

Experimental setup. We focus on OLMo + CLIP-ViT and ablate the following 5

aspects:

1. The random seed used for initializing the connector weights and control-

ling the training data sampling.

2. Using a linear mapping instead of 3-layer MLP to map visual tokens into
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the LLM prefix space.

3. Varying the level of detail in the captioning dataset by training on single-

sentence captions instead of the detailed multi-sentence Pixmo-Cap

dataset.

4. Unfreezing the LLM during training. When allowing the LLM weights to

adapt to the task of processing and describing visual tokens, two outcomes

are plausible: the proportion of interpretable tokens either drops or it rises.

For the former, we can conceive that some of the LLM weights specialize

to be a visual processing model (and not a language model), with less

training pressure to represent tokens as words a frozen LLM can process.

On the other hand, we can also imagine that now the connector module

simply became more expressive, being able to align any visual token to

LLM embeddings, even if the initial structure of both embedding space

was sometimes non-trivially different.

5. Changing the task from captioning to a spatial prediction task. The model

is trained to answer the question “Where is [OBJECT]?” with either “top”

or “bottom”. The hypothesis we test is whether the language-based task of

captioning leads to the observed alignment of visual tokens to the LLM

embedding space.

For each ablation we measure two metrics, averaged across all layers: (1) LA-

TENTLENS Interpretability: The percentage of visual tokens judged interpretable

by GPT-5, reported as change from baseline (72.3%). (2) LATENTLENS Overlap:

Average number of matching top-5 LATENTLENS nearest neighbors with the

baseline model (out of 5). We report both token-level overlap (same subword in

both top-5 sets) and phrase-level overlap (same full contextual phrase).

Interpretability is robust to training variations but requires language-based

objectives. Results are summarized in Table E.1. Simply changing the seed

results in only around half of the top-5 LATENTLENS results to overlap with
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the original run. All of them are still highly similar concepts but it is some

indication that even the seed can have some influence, albeit it is unclear how

semantically meaningful it is. On the other hand, we find encouraging results

when replacing the 3-layer MLP connector with a single matrix (linear layer) and

when replacing highly detailed captions as training data with single-sentence

captions: The level of interpretability is almost the same, and we still see a

significant amount of overlap between the original top-5 nearest neighbors (2.1

and 1.8 out of 5, respectively). Thus, the relationship between vision encoder

and LLM embeddings spaces can be linearly aligned in an interpretable manner

and moreover, short captioning data is enough to do so1. Next, we observe a

notable increase in the amount of interpretable visual tokens (+5.5%) when

unfreezing the LLM during training. Thus, with this more “expressive connector”

in the form of some LLM weights, the model can learn a more interpretable

alignment. Finally, we observe that the language-based task of captioning is

necessary for interpretable visual tokens. When instead training the model to

generate a single token (“top” or “bottom”) given a question about the location of

an object, interpretability drops by around 30%, with zero overlap to the original

LATENTLENS top-5 NNs. The tokens that are still marked as interpretable for this

spatial task are the same few generic words such as “upper”, “background”, or

“outside”.

Training Dynamics We investigate when LATENTLENS interpretability emerges

during connector training. We re-ran the OLMo-7B + CLIP-ViT connector from

scratch, saving intermediate checkpoints at steps 100, 1000, and 6000 (in addi-

tion to the final step 12000), and evaluated LATENTLENS on each using our LLM

judge.

Results are shown in Table E.2. At step 100 (0.8K training examples), inter-

pretability is near-random (∼12%) across all layers. By step 1000 (8K examples,

∼8% of training), we find an interesting difference across layers: the earliest LLM

1Follow-up work could explore what the limit of simplicity of the training data is for this
interpretable alignment to appear.
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layers (0–1) already reach 67% interpretability, while deeper layers (2–31) remain

at only 17%. By step 6000 (48K examples, half of training), all layers converge

to near-final performance. This suggests that alignment first forms at the input

of the LLM — where visual tokens enter the residual stream — and only later

propagates to deeper representations.

Table E.2: Training dynamics of LATENTLENS interpretability (OLMo+CLIP-

ViT). Average % of interpretable visual tokens across 9 LLM layers, plus the split
between early layers (0–1) and deeper layers (2–31). Interpretability emerges first
in the earliest layers at step 1000, while all layers reach near-final performance
by step 6000.

Step Examples Avg Layers 0–1 Layers 2–31

100 0.8K 11.7% 13.3% 11.3%
1000 8K 28.1% 67.0% 17.0%
6000 48K 75.1% 75.4% 75.0%

12000 96K 71.3% 71.0% 71.4%

E.5 Tuned Lens Comparison

Belrose et al. (2023) propose Tuned Lens, which learns a lightweight per-layer

residual affine probe to improve upon LogitLens. Each probe transforms the

intermediate representation h as ĥ = h+Wh+b (where W is initialized to zero

so the probe starts as an identity map), and the result is then decoded with the

unembedding matrix (the same final step as LogitLens). The probes are trained

to minimize the KL divergence between the probe’s output distribution and the

final-layer output distribution: L = KL(pfinal ∥qprobe).

Implementation. We follow the Belrose et al. (2023) recipe as close as

possible. We use SGD with Nesterov momentum (lr=0.1, momentum=0.9,

weight_decay=10−3), a linear learning-rate schedule, and gradient clipping

(clip=1.0). The weight decay regularizes each probe toward the identity trans-

formation. We train the probes on visual token positions only, using 2,000

PixMoCap images (≈1.15M visual tokens total), one probe per layer. We select
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four model pairs: the three lowest-LogitLens-scoring pairs from our main eval-

uation (LLaMA3+SigLIP 7.1%, LLaMA3+DINOv2 7.2%, Qwen2+SigLIP 10.8%)

and the highest (OLMo+CLIP 34.3%), spanning the full range of LogitLens

performance.

Table E.3: Tuned Lens vs. LogitLens and LATENTLENS (average % interpretable

across layers). Tuned Lens provides little or no improvement over LogitLens on
visual tokens, while LATENTLENS outperforms both by a large margin on every
model.

Model pair LogitLens Tuned Lens LATENTLENS

LLaMA3-8B + SigLIP 7.1 8.9 62.3
LLaMA3-8B + DINOv2 7.2 6.4 77.4
Qwen2-7B + SigLIP 10.8 7.4 74.3
OLMo-7B + CLIP 34.3 25.2 72.3

Results. Tuned Lens yields at best a marginal gain (+1.8 pp on LLaMA3+SigLIP)

and is worse than LogitLens on the other three pairs. On OLMo+CLIP, the model

where LogitLens already works reasonably well, early-layer probes do improve

interpretability, but this benefit reverses at later layers (a collapse of 31–44 pp at

layers 24–31), despite the identity-initialised probes and ℓ2 weight decay that

were designed to prevent exactly this kind of drift. The result is a net decrease of

−9.1 pp relative to plain LogitLens.

E.6 Vision vs. Text Token L2 Norms

Figure E.2 shows the L2 norm distributions for all 9 model combinations (3 LLMs

× 3 vision encoders). For each model, we show separate histograms for visual

tokens (left) and text tokens (right), colored by layer (yellow=early, red=late). Key

observations:

• Vision tokens have larger L2 norms than text tokens across all models,

often by 1–2 orders of magnitude.
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• OLMo-7B maintains relatively small L2 norms (max ≈1000) for both

modalities.

• LLaMA3-8B and Qwen2-7B exhibit much larger L2 norms for visual to-

kens, with max values exceeding 100,000 in some cases.

• DINOv2 consistently produces the largest L2 norms across all LLMs.

• The 99th percentile (p99, black dotted line) and maximum (red dashed

line) markers show substantial outliers in visual token distributions.
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Figure E.2: L2 norm distributions of vision vs. text tokens across layers. Each
row corresponds to an LLM (OLMo-7B, LLaMA3-8B, Qwen2-7B), and each col-
umn shows a vision encoder (CLIP, DINOv2, SigLIP). Within each cell, Vision
tokens (left) and Text tokens (right) are shown. Colors indicate layer depth (yel-
low=early, red=late). The x-axis uses log scale. Black dotted lines mark the 99th
percentile; red dashed lines mark the maximum value.

Are High L2 Norms from Sparse Outliers or Uniform Scaling? To understand

whether high L2 norms are driven by a few large embedding dimensions (sparse

outliers) or uniformly larger values across all dimensions, we extract the full

embedding vector of the visual token with maximum L2 norm for each model

and analyze its distribution.
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Figure E.3 shows histograms of individual embedding dimension values for

these max-L2-norm tokens. The key finding is striking:

• All distributions are approximately Gaussian, not sparse. High L2 norms

come from uniformly larger values across all 3584–4096 dimensions, not

from a few extreme outliers.

• OLMo-7B has ∼100× smaller embedding scale than LLaMA3-8B and

Qwen2-7B. Standard deviations are ∼10–20 for OLMo vs. ∼1700–11000 for

LLaMA3/Qwen2.

• LLaMA3-8B max tokens occur at layer 0 (input), while OLMo and Qwen2

max tokens occur at layer 24 (late layers).

This suggests that the MLP connector (or already the vision encoder itself)

learns fundamentally different embedding scales depending on the target LLM

architecture, with LLaMA3 and Qwen2 resulting in much larger magnitude

projections than OLMo.
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Figure E.3: Distribution of embedding dimension values for max L2 norm

visual tokens. Each row corresponds to an LLM (OLMo-7B, LLaMA3-8B, Qwen2-
7B), and each column shows a vision encoder. We extract the visual token with
the largest L2 norm and plot a histogram of its individual embedding dimension
values. All distributions are Gaussian-like, indicating that high L2 norms result
from uniform scaling across all dimensions rather than sparse outliers.

E.7 Cosine Similarity Distributions

Figure E.4 shows the distribution of top-1 nearest neighbor cosine similarities

between visual tokens and their closest contextual text embeddings at layer

16 (a representative mid-layer). Several model combinations exhibit bimodal

distributions with two distinct peaks. This pattern is most pronounced for

LLaMA3-8B + CLIP and Qwen2-7B + CLIP, where one peak appears around
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0.15–0.2 and a second around 0.35–0.4. A similar bimodal pattern is visible for

Qwen2-7B + DINOv2.

In contrast models paired with SigLIP tend to show more unimodal distri-

butions. The bimodal structure suggests that visual tokens may fall into two

categories: those that align well with text representations (higher similarity) and

those that remain more distant from the text embedding space (lower similar-

ity). This could correspond to tokens representing salient visual content versus

background or less semantically meaningful regions.
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Figure E.4: Distribution of top-1 nearest neighbor cosine similarities at layer

16. Each panel shows the histogram of cosine similarities between visual to-
kens and their closest contextual text embedding for one LLM–vision encoder
combination. Several combinations (notably LLaMA3 + CLIP, Qwen2 + CLIP)
exhibit bimodal distributions, suggesting distinct populations of visual tokens
with different degrees of alignment to the text embedding space.

E.8 Layer Alignment Details

To understand why visual tokens at the input layer align most strongly with con-

textual text representations from later layers (the Mid-Layer Leap, Section 5.4.3),

we investigate how much visual token representations change as they pass

through the LLM.

Figure E.5 shows the cosine similarity between each token at layer ℓ and
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its own representation at layer 0, averaged across all tokens. For text tokens,

similarity to the input embedding drops rapidly within the first few layers (often

below 0.4 by layer 4), reflecting the contextualization process where tokens

incorporate information from surrounding context. In contrast, visual tokens

maintain much higher similarity to their input representations—often above 0.8

through mid-layers—indicating they undergo substantially less transformation

during LLM processing.

This minimal drift of visual tokens explains the Mid-Layer Leap: since visual

tokens are already “pre-contextualized” by the vision encoder and connector,

they arrive at the LLM in a representational state more similar to how the LLM

represents text after several layers of processing. The frozen LLM then processes

these tokens with relatively little modification, as evidenced by the high layer-to-

layer similarity.
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Figure E.5: Vision tokens follow only minor drift through LLM processing: We
compare the same token (e.g. same position in the image or text passage) to
its input-layer embedding across layers. We find that text tokens early on have
little similarity with their initial embeddings, perhaps following some process of
contextualization, abstraction, or simply preparing for next-token prediction.
On the other hand, visual tokens display a much higher cosine similarity to their
input embeddings, especially until middle layers.

E.9 Results for off-the-shelf VLMs

This section provides additional details for Section 5.4.4. We verify that the

Mid-Layer Leap generalizes to all six off-the-shelf VLMs, and provide a deeper

analysis for Qwen2-VL-7B-Instruct.

Mid-Layer Leap across all six models Figure E.6 shows the layer alignment

heatmaps for all six off-the-shelf VLMs. All six exhibit the same hallmark pattern
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Figure E.6: Mid-Layer Leap in six off-the-shelf VLMs. Layer alignment
heatmaps showing which LLM layer’s contextual embeddings are most sim-
ilar to visual tokens at each processing stage. All six models show the same
pattern as the controlled setup: a leap at layer 0 toward middle layers, then a
diagonal alignment from mid-processing onward.

observed in the controlled setup (Figure 5.4): visual tokens at layer 0 align

primarily to middle LLM layers (the leap), while from mid-processing onward

a diagonal pattern emerges. This confirms that the Mid-Layer Leap is not an

artifact of our controlled training setup but a robust property of how visual

tokens interact with LLM representations.

Deeper analysis: Qwen2-VL-7B-Instruct Among the six off-the-shelf models,

we conduct a more detailed analysis for Qwen2-VL-7B-Instruct (Wang et al.,

2024a) as a representative example.

Setup Qwen2-VL differs from our controlled training along several axes: it

was trained in multiple stages on 1.4 trillion tokens; crucially the LLM and

vision encoder are unfrozen at some stages; it uses various different datasets at

different stages, e.g. instruction tuning data; and finally it relies on elaborate

image token preprocessing. We apply the same evaluation methodology as

before: 100 random visual token patches evaluated by our LLM judge across
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Figure E.7: Qwen2-VL layer analysis. (a) Which LLM layer’s contextual em-
beddings are most similar to visual tokens at each processing stage. (b) Cosine
similarity of tokens at each layer to their input-layer representation. Visual
tokens undergo substantial transformation (0.96→0.10), while text tokens start
low ( 0.15) and stay low—unlike frozen LLMs where visual tokens retain higher
similarity.

layers ℓ ∈ {0,1,2,4,8,16,24,26,27}. Since Qwen2-VL uses a finetuned version of

Qwen2’s LLM (not the frozen base model), we extract contextual embeddings

from Qwen2-VL’s own LLM backbone to ensure proper alignment.

Mid-Layer Leap Figure E.7 shows the layer alignment and token drift for

Qwen2-VL. For visual tokens at layer 0, the leap is to LLM layer 4, then from layer

1 onward a clear diagonal pattern emerges. Visual tokens also undergo more

change throughout LLM layers than in our frozen-LLM controlled setup, though

still substantially less than text tokens (see Figure E.5).

E.10 Fine-grained Interpretation Analysis

Beyond measuring whether visual tokens are interpretable (Section 5.4), we

analyze what kinds of interpretations LATENTLENS produces. We examine

three dimensions: (1) interpretation types—whether nearest neighbors describe

something concrete, abstract, or global (based on LLM judge outputs); (2) parts-

of-speech—the grammatical categories of matched words (using spacy from
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Honnibal et al. (2020)); and (3) visual attributes—how often color, shape, and

texture words appear. Key findings: concrete interpretations dominate (65–75%),

nouns are most common (45–50%), and color words decline from early to late

layers while other ratios remain stable—suggesting the frozen LLM does not

progressively abstract away from concrete visual content.

E.10.1 Interpretation Types

Concrete

65%

black (201)
black

a black

...white faces and black

...is painted red, black

...number 33116330 in black

white (153)
white

a white

horizon composed of, white

...banknotes on a white

...featuring roman numerals, white

gray (143)
gray

a gray

...beans on a gray

...a dark, smoky gray

...the ground is gray

brown (118)
brown

a brown

light brown

dark brown

the brown

windows (90)
windows

glass windows

...with lots of windows

...buildinh=g has ,many windows

...background of panoramic windows

orange (89)
flash orange

orange

...green , apricot orange

an orange

bright orange

Abstract

19%

foreground (153)
...is in the foreground

...cup in the foreground

...dogs in the foreground

...bed in the foreground

...kid in the foreground

background (74)
...a white isolated background

background

the background

...on a green background

...on a white background

backdrop (52)
...with a snowy backdrop

...featuring a white backdrop

a white backdrop

the backdrop

...duck against blue backdrop

lush (31)
lush

...of hills with lush

...with concrete and lush

hills with lush

...crossing on a lush

profile (30)
...of rooster in profile

...cartoonish head in profile

cow's head in profile

profile

...cat's face in profile

expression (29)
expression

...motif has noncommittal expression

giraffe wears an expression

...a rather somber expression

...a thoughtful solemn expression

Global

16%

google (33)
...display shows a google

word ' google

icon standing for google

part of a google

the word google

arrows (30)
two funky arrows

...sign with black arrows

arrows

...house with black arrows

...a and directional arrows

helicopters (30)
two helicopters

...appearing of two helicopters

several white helicopters

two army style helicopters

one of two helicopters

trees (27)
trees

...grouping of evergreen trees

...white, knobby barked trees

green trees

...flanked by poplar trees

circle (27)
...button in large circle

...is brown with circle

a blue circle

...shirt with a circle

a circle

button (25)
...w/ logo or button

round blue select button

button

tan button

...wearing a black button

Figure E.8: Breakdown of interpretation types. Top row: categories (Con-
crete 65%, Abstract 19%, Global 16%). Second row: top most frequent nearest-
neighbor words per category. Lower rows: example Visual Genome phrases
showing context, with target word in bold. Data aggregated across all 10 models
(9 controlled setups plus Qwen2-VL).

Figure E.8 provides a visual breakdown of interpretation types aggregated

across all models. Figure E.9 shows the breakdown for all 9 model combinations

individually. We categorize LATENTLENS interpretations as:

• Concrete: The nearest neighbor word directly names something visible in

the image region (objects, colors, textures).

• Abstract: The word describes a concept related to but not literally visible

(emotions, activities, functions).

• Global: The word describes something present elsewhere in the image but

not in the highlighted region.
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Across all models and layers, concrete interpretations dominate (70–75%

on average), with abstract and global each contributing 11–15%. The ratios

remain remarkably stable across layers, suggesting that the frozen LLM does not

progressively “abstract away” from concrete visual descriptions.

As a representative off-the-shelf model, Figure E.10 shows the same analysis

for Qwen2-VL-7B-Instruct (see Section E.9 for further details on this model).

The pattern is similar: concrete interpretations dominate (62–78%), though

we observe a slight decrease in later layers (26–27: 62%) with a corresponding

increase in abstract interpretations. This may reflect Qwen2-VL’s unfrozen LLM

having learned some layer-wise abstraction.
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Figure E.9: Interpretation types for all 9 model combinations. Each bar shows
the breakdown of interpretable tokens into concrete (directly visible), abstract
(conceptually related), and global (present elsewhere in image). Concrete inter-
pretations dominate across all models and layers (70–90%). SigLIP models show
notably higher global interpretations (20–30%), consistent with less localized
nearest neighbors.
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Figure E.10: Interpretation types for Qwen2-VL-7B-Instruct. Similar to the
frozen LLM models, concrete interpretations dominate. A slight decrease in
concrete (and increase in abstract) is observed in later layers (26–27), possibly
reflecting the unfrozen LLM’s learned abstraction.

E.10.2 Parts-of-Speech and Visual Attributes

Figure E.11 shows the distribution of parts-of-speech among all nearest neigh-

bors for each of the 9 trained model combinations. Nouns dominate at approxi-

mately 45–50%, which aligns with the visual nature of the interpretations—visual

tokens primarily encode objects and entities. Proper nouns account for 10–20%,

verbs 10–15%, and adjectives around 5%. The distribution is relatively stable

across layers, with some variation between models (e.g., OLMo-7B + ViT-L shows

more variability). Figure E.12 shows the same analysis for Qwen2-VL-7B-Instruct,

which exhibits similar patterns.

Figure E.13 shows the frequency of visual attribute words (colors, shapes,

textures) for each trained model. Color words are the most common at around

5–6% in early layers, declining to around 3% in later layers. This suggests that

raw color information is more prominent in early visual token representations.

Shape and texture words are rare throughout (<1%). Figure E.14 shows the same

for Qwen2-VL.
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Figure E.11: Parts-of-speech distribution across layers for 9 trained models.

Nouns dominate (45–50%), followed by proper nouns and verbs. The distribu-
tion is relatively stable across layers with some per-model variation.
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Figure E.12: Parts-of-speech distribution for Qwen2-VL-7B-Instruct. Similar
pattern to trained models: nouns dominate, followed by proper nouns and
verbs.
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Figure E.13: Visual attribute word frequency for 9 trained models. Color words
are common (5–6% early, declining to 3% late), while shape and texture words
are rare (<1%).
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Figure E.14: Visual attribute word frequency for Qwen2-VL-7B-Instruct. Simi-
lar pattern: color words dominate visual attributes, shape and texture are rare.

E.11 Phrase-Level Interpretation Examples

Quantifying the value of context. To measure how much the preceding context

contributes to interpretation quality, we randomly sample 50 examples where

the LLM judge deemed the top LATENTLENS result interpretable. For each

example, we manually label whether the preceding context helps interpretation

compared to the word alone, using three categories: yes (context clearly aids

understanding), neutral (context neither helps nor hurts), or no (context is

misleading or irrelevant).

For instance, comparing “large stone tower with gold clocks ” to just

“ clocks ”—the former provides richer spatial and material context that better

matches the visual content.

We find that in 64% of cases, the preceding context provides a better inter-

pretation than the word alone. In 28% of cases the context was neutral (the word

alone was sufficient), and in only 8% was the context misleading. This validates

that LATENTLENS’s phrase-level interpretations offer meaningful advantages

over token-level approaches.
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Qualitative examples. We show 12 randomly selected (non-cherry-picked)

examples from our phrase annotation study. Each panel shows the visual token’s

patch (red box) with preprocessing matching the respective vision encoder

(CLIP preserves aspect ratio with padding, SigLIP and DINOv2 squash to square).

Below each image we show: the LATENTLENS phrase versus a random Visual

Genome phrase containing the same token. The highlighted word shows the

matched token, demonstrating how contextual information can sometimes aid

interpretation.
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LatentLens: “pals : the pair were spotted

posing in matching person - branded aprons

at the event , with a large blue car parked

behind them”

Random phrase, same token: “the trees are

behind the giraffe”

LLaMA3+DINOv2, L4

LatentLens: “black eye with white specks

around it”

Random phrase, same token: “ rocks

beside zebra”

LLaMA3+SigLIP, L30

LatentLens: “woman wearing black

sweatpants and grey long-sleeve t-shirt”

Random phrase, same token: “photo was

taken by jenny lee silver”

LLaMA3+CLIP, L16

LatentLens: “the blue shirt the bald man

has on.”

Random phrase, same token: “smiling

bald man”

OLMo+DINOv2, L4

Figure E.15: Phrase annotation examples (1–4). Each panel shows a vision
token’s patch (red box) preprocessed as the vision encoder sees it. LatentLens:
Top contextual nearest neighbor phrase from LATENTLENS. Random: A random
VG phrase containing the same token.
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LatentLens: “multiple types of cherry

tomatoes in multiple colours , all in

bluegreen boxes”

Random phrase, same token: “something

black w/ wild colours deflated before the

tent; hot air balloon, maybe?”

OLMo+SigLIP, L4

LatentLens: “five stars on the side of the

bus”

Random phrase, same token: “the stars

below the plane.”

OLMo+CLIP, L30

LatentLens: “the cow is mostly black ”

Random phrase, same token: “the non

black car on the roadway.”

Qwen2+DINOv2, L8

LatentLens: “man wearing white short

sleeve tunic ”

Random phrase, same token: “two

unicorns dancing together”

Qwen2+SigLIP, L0

Figure E.16: Phrase annotation examples (5–8).
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LatentLens: “green leaves are in the

background .”

Random phrase, same token: “the green

vegetation in the background ”

Qwen2+CLIP, L24

LatentLens: “bowl is white and has two

sections ”

Random phrase, same token: “dried

splinted wood sections ”

LLaMA3+DINOv2, L16

LatentLens: “barbecue sauce on the side of a

styrofoam cup”

Random phrase, same token: “a metal

rooster on a pole”

LLaMA3+SigLIP, L1

LatentLens: “a pale coloured wooden model

of an old house with pitched roof and gable

windows stands on a table .”

Random phrase, same token: “row of three

windows ”

LLaMA3+CLIP, L16

Figure E.17: Phrase annotation examples (9–12).

E.12 Dynamic Corpus Generation

As noted in Section 5.5, our fixed corpus contains at most 20 contextual em-

beddings per vocabulary token. We investigate whether dynamically generating

phrase contexts—rather than relying on a fixed corpus—can yield better LA-
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TENTLENS interpretations.

Method. We use an evolutionary search approach: given a visual token and

its top-5 LATENTLENS nearest neighbors from the fixed corpus, we iteratively

generate variations using GPT-4o and keep those with highest cosine similarity

to the visual embedding. Crucially, since LLMs are autoregressive, we only

modify words before the target token (the token whose contextual embedding

we extract), keeping the target token at the end of each phrase.

Specifically, we run 6 rounds of evolution with 20 variations per round, keep-

ing the top-5 phrases. We evaluate on 20 visual tokens that our LLM judge

marked as interpretable (OLMo-7B + CLIP ViT-L/14, layer 16).

Results. Dynamic generation improves cosine similarity in 85% of cases

(17/20), with an average improvement of +0.017. Table E.4 shows representative

examples. The evolved phrases tend to be more concise and visually specific—

for instance, “a white and black peaked building with a peaked roof” (similarity

0.415) evolves to “grand arched beige building” (similarity 0.463).

Original (VG corpus) Evolved (dynamic) ∆sim

shiny red apples with bright green
leaves

colorful stamen against green leaves +0.052

a white and black peaked building

with a peaked roof
grand arched beige building +0.047

the sign reads dried beef king the placard shows assorted meats +0.039

a forest of lush trees bright canopy of treetops +0.031

a nice clear blue sky glistening blue sky +0.023

Table E.4: Examples of dynamic phrase generation improving LATENTLENS

interpretations. The target token is shown in bold. Evolved phrases achieve
higher cosine similarity to the visual embedding by finding more appropriate
contextual framing. Note that evolution can also discover better target tokens
(e.g., “beef” → “meats”).

Interestingly, in 35% of cases (7/20), tokens that were not the top-1 match

in the original corpus rose to become the best match after evolution. For exam-
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ple, when the original top-5 contained multiple candidate tokens (“building”,

“facade”, “mansion”), the evolutionary search sometimes found that a different

token with better surrounding context outperformed the original top-1. This

suggests that the fixed corpus’s limitation of 20 sentences per token may cause

some tokens to be underrepresented due to suboptimal context, even when they

would be semantically fitting.

Here, we illustrate three levels of descriptions and their richness obtained

from: 1) dynamically generated context, 2) sentences from a fixed corpus, and 3)

same token but with lowest scoring context:

Dynamic: “colorful fish with white stripes ”

(cosine similarity: 0.36)

Fixed Corpus: “man wearing white striped [...]”

(cosine similarity: 0.34)

Lowest: “white stripe above two blue stripes ”

(cosine similarity: 0.26)

E.13 Captioning Quality Evaluation

We evaluate caption quality using DCScore (Ye et al., 2025), a GPT-4o-based LLM

judge that rates generated captions on a 1–10 scale across 300 validation images

from PixMo-Cap.

Evaluation rubric. DCScore evaluates each caption on four fine-grained crite-

ria, each scored 1–10:

• Faithfulness: How accurately the caption reflects the actual image content

• Detail accuracy: Coverage and correctness of salient visual details

• Hallucinations: Absence of non-existent content (higher = fewer halluci-

nations)

• Completeness: Whether the caption captures all key aspects of the image
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The overall score is a holistic quality rating that considers all criteria. We provide

the judge with both the full image and the generated caption, asking it to return

a structured JSON response with all sub-scores.

Full results. Table E.5 shows the complete caption quality scores for all 9

trained model combinations plus the off-the-shelf Qwen2-VL-7B-Instruct as an

upper bound reference.

Table E.5: Caption quality scores (DCScore, 1–10 scale) on 300 PixMo-Cap vali-
dation images. Higher is better. Our trained models average 6.0, while the fully
instruction-tuned Qwen2-VL achieves 8.5.

LLM Vision Encoder Score

OLMo-7B CLIP ViT-L/14 6.60
OLMo-7B SigLIP 6.75
OLMo-7B DINOv2-Large 4.30

LLaMA3-8B CLIP ViT-L/14 6.79
LLaMA3-8B SigLIP 6.95
LLaMA3-8B DINOv2-Large 4.46

Qwen2-7B CLIP ViT-L/14 7.08
Qwen2-7B SigLIP 6.77
Qwen2-7B DINOv2-Large 4.54

Upper bound: Qwen2-VL-7B-Instruct 8.50

Key observations. (1) DINOv2 models consistently underperform on caption-

ing (4.3–4.5) compared to CLIP and SigLIP models (6.6–7.1), likely due to DI-

NOv2’s lack of language supervision during pretraining. (2) Qwen2-7B achieves

the highest average score (6.13) across vision encoders among our trained mod-

els. (3) The gap between our models (avg 6.0) and Qwen2-VL (8.5) reflects that

our models were trained only on captioning with a frozen LLM, while Qwen2-VL

underwent full multimodal instruction tuning. (4) Notably, captioning perfor-

mance does not correlate with visual token interpretability—DINOv2 models

show comparable interpretability (Figure 5.3) despite lower captioning scores.
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Sample captions. Figure E.18 shows example captions from three represen-

tative models on the same validation image, illustrating how different model

combinations produce captions of varying quality and detail.

OLMo + CLIP-ViT (8/10)

The image depicts a bustling square, likely in Italy, characterized by

a mix of old and new architecture. Dominating the scene is a grand,

ancient building with a distinctive yellow facade, adorned with a clock

tower and a prominent cross. The building features a series of arches

and a grand entrance, flanked by two large columns. The square

is bustling with people, some seated on benches, others strolling

around.

Qwen2 + SigLIP (8/10)

The image depicts a vibrant and bustling square in Italy, characterized

by a mix of historical and modern architecture. The central focus is a

large, ornate fountain, which is the focal point of the square. To the

left of the fountain, there is a building with a distinctive clock tower

adorned with statues. The sky above is a clear blue, enhancing the

overall beauty of the scene.

LLaMA3 + DINOv2 (7/10)

The image captures a bustling square in a European city, likely in Italy

or Spain, with a vibrant mix of architectural styles. Dominating the

scene is a large, ornate building with a golden facade and a prominent

clock tower. Adjacent to the clock tower is a smaller building with a

similar golden hue. In the foreground, a large fountain draws a crowd

of people.

Figure E.18: Sample captions for the same validation image. Per-image DC-
Scores shown in parentheses.

E.14 Qualitative examples

To demonstrate that our findings are not cherry-picked, we present 20 randomly

sampled examples across 5 layers (0, 8, 16, 24, and final layer). For each example,

we randomly select one of 10 models (9 trained models plus Qwen2-VL) and

show top-3 predictions from each method: EmbeddingLens (nearest neighbors

in input embedding matrix), LogitLens (LM head predictions), and LATENTLENS

(ours, contextual nearest neighbors with phrase context).

For LATENTLENS, we show the top-3 Visual Genome phrases containing

the matched token (highlighted in yellow ), demonstrating the semantic rich-
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ness of phrase-level interpretations. For baselines, we show the top-3 tokens

with EmbeddingLens and LogitLens colored backgrounds. Across all ran-

domly sampled examples, LATENTLENS consistently provides more interpretable

results—the contextual phrases typically describe the visual content more accu-

rately than isolated tokens from the baselines.
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OLMo+SigLIP, L0

LatentLens:

(1) “bear’s paws covered in swirling grass”

(2) “blue tail of plane with white swirls ”

(3) “the cat’s tail is frizzy .”

EmbeddingLens: hairy Skinny flashy

LogitLens: cir faucet rawn

LLaMA3+CLIP, L0

LatentLens:

(1) “a vase sitting on a square table ”

(2) “water glass on a white tablecloth ”

(3) “cup and saucer on a wooden table ”

EmbeddingLens: planted opies avou

LogitLens: [?] uzey tối

OLMo+SigLIP, L0

LatentLens:

(1) “train with the letters s. w.n . in white”

(2) “a sign reading "carrer d’en falconer "”

(3) “train with the letters s.w .n. in white”

EmbeddingLens: Vanessa [?] Wolf

LogitLens: hausen ens experiment..

OLMo+SigLIP, L0

LatentLens:

(1) “the water had the sun gleaming down”

(2) “...ncluding a dissassembled bicycle and...”

(3) “bathing suit for swimming and suntanning .”

EmbeddingLens: [HI] 218 Education

LogitLens: erne rone crest

Figure E.19: Layer 0 (input): Four randomly sampled visual tokens at layer 0.253



Qwen2+DINOv2, L8

LatentLens:

(1) “...s, probably 3 [ though the one beneat...”

(2) “a second adult bows low in to inspect t...”

(3) “...e bear+person [ though that might not...”

EmbeddingLens: -c [?] (translate..

LogitLens: tô Según ==========..

Qwen2-VL, L8

LatentLens:

(1) “controls are on the center console ”

(2) “dials on motorcycle dashboard glow red”

(3) “controls are on the center console ”

EmbeddingLens: [TH] .urlencoded .DropDownL..

LogitLens: [?] <nav Jihad

Qwen2+CLIP, L8

LatentLens:

(1) “a wikipedia screen is displayed on the ...”

(2) “a few paragraphs written on the screen”

(3) “... real [check wikipedia ]”

EmbeddingLens: "‘ .DrawString incorrect

LogitLens: stantiate chia IsValid

LLaMA3+CLIP, L8

LatentLens:

(1) “sky with two large willowy clouds”

(2) “baby blue sky with wispy cirrus clouds”

(3) “...red with thin branches with green le...”

EmbeddingLens: Schultz 95 Vert

LogitLens: strstr Kron [?]

Figure E.20: Layer 8 (early-mid): Four randomly sampled visual tokens at layer
8.
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Qwen2+CLIP, L16

LatentLens:

(1) “stone chimney attached to a house ”

(2) “pole and trees in front of building ”

(3) “low, grey roof of residence .”

EmbeddingLens: (translate.. ([... .isRequired

LogitLens: chantment [?] onUpdate

Qwen2+SigLIP, L16

LatentLens:

(1) “framed pencil sketch on wall”

(2) “pencil sketched artwork of a fruit basket”

(3) “framed drawing to left of the bed”

EmbeddingLens: There div -cut

LogitLens: [?] [?] fdc

Qwen2+DINOv2, L16

LatentLens:

(1) “...ith black polka dots ”

(2) “...er with a blue stipe ”

(3) “man wearing a white shirt with blue stipe ”

EmbeddingLens: .COMP Specifies rà

LogitLens: CascadeType =nil oppon

OLMo+CLIP, L16

LatentLens:

(1) “man with balding head standing near cart”

(2) “...diners, four of whom are toasting, a...”

(3) “older man sitting on wooden bench”

EmbeddingLens: him men Boys

LogitLens: minority mostly oya

Figure E.21: Layer 16 (middle): Four randomly sampled visual tokens at layer
16.
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LLaMA3+CLIP, L24

LatentLens:

(1) “...leaves against muted background”

(2) “...hink black and white stripes”

(3) “...st a wall with muted white lights .”

EmbeddingLens: white White allied

LogitLens: .scalablyt.. UnitOfWork [?]

Qwen2+SigLIP, L24

LatentLens:

(1) “man wearing white baseball cap.”

(2) “lady in off-white sweater”

(3) “back of woman wearing a white turtleneck ”

EmbeddingLens: .leading machining GetX

LogitLens: _unregister [?] ("/

LLaMA3+DINOv2, L24

LatentLens:

(1) “a woman in a tan blazer ”

(2) “man wearing grey coat ”

(3) “woman wears an off-white ski jacket”

EmbeddingLens: o k Drawable

LogitLens: classpath [?] [?]

LLaMA3+CLIP, L24

LatentLens:

(1) “... lime green , apricot orange , turqu...”

(2) “blue, bergundy and gray coat.”

(3) “tan/ yellow dog laying across young girls lap”

EmbeddingLens: Gold gold white

LogitLens: GOLD ConverterF.. HEST

Figure E.22: Layer 24 (late): Four randomly sampled visual tokens at layer 24.256



LLaMA3+SigLIP, L31

LatentLens:

(1) “...in a degree of filth, or at least gr...”

(2) “beneath it ’ fahrradstrae’, capital ’f’,...”

(3) “...ot a passenger plane, but a plane fo...”

EmbeddingLens: [?] Yard x

LogitLens: [?] _defaults mia

OLMo+CLIP, L31

LatentLens:

(1) “ wall-mounted , white box and toilet pape...”

(2) “ wall-mounted mirror, with decorative, b...”

(3) “ wall-mounted flat screen television”

EmbeddingLens: quil Cl %;

LogitLens: speakers speaker .

Qwen2+CLIP, L27

LatentLens:

(1) “the black tilted wheel”

(2) “a tilted black pole”

(3) “a tilted cookie sheet”

EmbeddingLens: fileName [?] elapsed

LogitLens: -left left right

Qwen2+SigLIP, L27

LatentLens:

(1) “window on the side of the conference room”

(2) “the app for watching youtube videos”

(3) “the app for watching vimeo videos”

EmbeddingLens: [TH] [?] ,

LogitLens: [?] <?= [?]

Figure E.23: Final layer: Four randomly sampled visual tokens at the final layer
(31 for OLMo/LLaMA, 27 for Qwen2).
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E.15 Behind The Scenes

The goal of this section is to make science more transparent and engaging,

showing not just the polished paper at the end but also all the detours and

lessons learned.

E.15.1 From start to finish

The pivot. This project started last winter (December 2024) when the first

author, originally working on vision-and-language models in general, was de-

termined to pivot towards understanding models and fundamental science. So

interpretability was the natural direction to look into, from afar it had been

intriguing to follow the field the past few years. But just doing interpretability

for the sake of interpretability did not feel like the right approach. So what was

an actual fundamental question that many people would care about, ourselves

included, where interpretability could naturally help?

Brainstorming. The first author tried to present too many potential ideas

at once in their lab meeting. There was not enough time to present them all,

and it would not have been a fun presentation to follow with too many disjoint

pitches. So a lab colleague simply asked: “Which one of these questions are

you genuinely excited about?” And this is how we ended up with this paper

and the research question we ask: How can frozen LLMs possibly make sense

of visual tokens? Do they look like language tokens to the model? We started

with this simple question but the first author could not have possibly imagined

all these new insights we would stumble upon, such is the process of science.

It was really a situation of unknown unknowns: the kind of experiments and

ideas we would eventually end up with were inconceivable at the time, and how

with each new experiment, three new options opened up. As a result writing

the paper in 8 pages was very challenging and three sections had to be cut even

from the appendix.
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Don’t trust assumptions. If the first author had to take away just one lesson

from the project, it would be to never trust long-held assumptions (either by one-

self or the field). We had assumed that visual tokens were not really interpretable

with nearest neighbors from the embedding matrix, and several papers hinted

in that direction. In retrospect, we should have simply tested this empirically

across several models from day one. Instead, the first author read papers about

anisotropy and other interpretability literature, prematurely concluding that

embeddings from different modalities live in entirely different narrow cones.2

So, then the question became: If these tokens are not interpretable and live in

different subspaces, maybe we have to perform more linear algebra and embed-

ding space tricks to show how they relate to text? Rotate them around, learn

some simple mappings, specific subspaces, ...?

The Mosaic Dataset. Eventually, the first author hypothesized: Maybe visual

tokens are not directly mapped to interpretable words (measured by NNs from

the embedding matrix) because real data is messy? Visual objects in a scene

span many tokens, or a single token might represent several objects and different

attributes. So it would be no surprise that they don’t just cleanly map to a single

concept. But what if we could simplify this situation? What if we could make

the data we train on simpler and simpler until we see very predictable nearest

neighbors. This is where the project went “off-track” for a while and we started

experimenting with toy datasets we coined Mosaic, where the model gets as

input an image like this:

2We even ran lots of experiments on anisotropy and concluded that effects reported in other
papers seemed overly simplified. At this point I wouldn’t feel confident saying that different
modalities live in different narrow cones inside e.g. an LLM.
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The LLM would then be trained to predict the sequence of color words one

after the other (“red blue red pink ...”), essentially “copying” each visual token’s

corresponding color to the text space. We observed some interesting quirks, but

surprisingly not many interpretable nearest neighbors (i.e. color words from the

embedding matrix). In fact, fewer than on the natural images we report in this

paper. We even ran various causal patching experiments, studied high-norm

outliers, etc! They all seemed interesting at the time, but again, simply testing

our assumptions early would have saved us these detours. At this point we had

already adopted the Molmo codebase for training models, since we cared about

how frozen LLMs make sense of visual tokens. But most VLMs you can take

off-the-shelf unfreeze the LLM weights at some stage of training, which is why

we opted for our controlled training setup that the final paper still builds upon.

Hope. The first author does not remember when exactly we finally questioned

our assumptions, and empirically tested the interpretability on natural images.

But sometime around July, we started exploring interactive demos of natural

images with the top NN from the embedding matrix. Since we happened to

explore OLMo+CLIP-ViT, we were surprised to see so many meaningful words.

The cosine similarity was low (between e.g. 0.07 and 0.15), much lower than what

LATENTLENS eventually yields. Nonetheless this was encouraging, but it soon

became clear that automating the judgment of whether an NN is interpretable

is not trivial.3

3It would take another 3 months to develop the full LLM judge we eventually relied upon.
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A first glimpse of the final story. With these exciting findings (40% to 60%

of tokens in OLMo+CLIP-ViT are interpretable), the initial story of the paper

was roughly: Visual tokens at layer 0 are more interpretable than some would

assume! In the background we kept working on directions that did not end up

in the main paper or even appendix: 1) We conducted ablations under which

conditions this interpretability would increase or decrease, now in Section E.4,

though without any trace of these initial EmbeddingLens results. 2) We always

wondered what these strange non-interpretable tokens encode... They often

had the same EmbeddingLens nearest neighbors, they were often in non-salient

background regions. Were they something akin to task vectors or register tokens?

At the time this seemed like an interesting enough story to publish: Past work

assumes visual tokens are rarely interpretable at the input via EmbeddingLens

but here we show for some models that is not the case. We show ablations,

we show patching experiments. Some qualitative results. It is good we kept

exploring further: Some co-authors kept wondering, especially SR and MM:

What happens to visual tokens at LLM layers after the input? And that’s where

the final paper we now have started taking shape. We adopted EmbeddingLens

and LogitLens not just at the beginning or end of the model but throughout.

And eventually we wondered: What if we use contextual embeddings instead

of static embedding matrices? (Thank you MM and Elinor Poole-Dayan for the

nudge!)

E.15.2 Lessons and Reflections

Automation. This project co-occurred with the rise of Cursor and Claude Code.

Especially interactive demos for quick exploration are now much easier to build,

crucial for projects like this one. Due to the speed of experimentation, a lot of

ideas on the side did not make it into the paper but can now be easily continued

as follow-up work.

Lessons on science. As mentioned above, testing the simplest assumptions

early on is something the first author will keep as a guiding principle for future
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research. The field knows less than one would expect. Models change constantly,

experiments might look different with slightly different setups. Re-run what

others have seemingly done before.

Interpretability is fun. The process of open-ended discovery is very enjoy-

able and naturally leads to interesting brainstorming sessions with colleagues

and friends. The first author highly recommends working at least on one inter-

pretability project in one’s research journey. The community is quite unique,

reflective and open to good ideas (ideally) regardless of whether they are imme-

diately useful downstream. The first author recently wrote a blog post, which

goes into detail about how the pivot to interpretability last year went: Better late

than never: Getting into interpretability in 2025.

Personal. This project carries a lot of meaning. It will be the final chapter of

the first author’s PhD and was in many ways a perfect ending to this five-year

long journey. I have rarely felt so proud of a work, and again not just because of

the final product, but the whole process: Every single collaborator on here was

fantastic, either as my closest friends throughout the PhD or as recent cherished

connections and mentors. A special shout out goes to MM and DE who both

put a lot of care into this paper. This project also perfectly encapsulates the first

author’s strengthened conviction to stay in academia for the long haul. In a way

it represented what academia ideally could be and what we should strive for it

to be. Looking back at other projects, never before did I have so many enjoyable

interactions when sharing what we are working on. Even before the work is now

getting out, I gave four talks about it (three in-person), and many more Mila

coffee table chats. It made me realize how science is so much more than papers,

and papers are just one way to let others know what you found. One can give

talks, write blog posts, make videos, tell others about your work, write it into the

snow, showcase it as a demo.
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